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1
Literature Review

Within this chapter the literature study can be retrieved, containing a summary of the research conducted during the

initial phase of the master thesis. This chapter is structured in the following manner. First in Section 1.1 an introduction

into the topic will be provided, highlighting the background and need of battery state estimation. Afterwards in

Section 1.2 and introduction to battery management systems (BMS) will be provided. Within Section 1.3, a range of

lithium-ion battery datasets will be introduced. Next Section 1.4 will treat the main state of health (SOH) methods

which have been developed in research, followed by a more detailed section about deep learning in Section 1.5.

Afterwards in Section 1.6 uncertainty quantification techniques commonly used in research will be provided. Lastly

methods to evaluate the performance of a deep learning method will be highlighted in Section 1.7. In support of the

literature study, the research proposal and research questions can be retrieved in Chapter 2 and Chapter 3 respectively.

1.1. Background Information
Globally significant effort is being done to transition away from more traditionally used energy sources, such as oil

and natural gas to more sustainable production methods such as wind and solar. Numerous countries around the

world have exhibited clear interest, and are implementing targets to become more sustainable and reduce their CO2

emissions, to adhere to the climate targets set within the Paris agreements [1]. To achieve this reduction in CO2, not

only the energy industry, but many other industries are required to make fundamental changes to their processes to

become more sustainable.

Within a wide range of industries it can be noted that big changes are occurring, which are enabled through

a substantial amount of innovation. For example in the energy production industry a large steady growth of both

the rated solar and wind capacity can be observed [2]. While in transportation industry, more particularly the car

industry, battery electrical vehicles (BEV) have seen an incredible increase in popularity. According to [3] the

electrical vehicle market is projected to reach a 1 trillion (US) dollar market volume by the end of the decade. This

increase in popularity is not only observable by the market size, academically a sharp increase in popularity can also

be recognised as highlighted in Figure 1.1.

If we focus our attention to aviation, we observe this transition is occurring more slowly, even though numerous

companies such as Airbus, Boeing, and Embraer exhibiting clear interests into the topic. This slow transition is

primary because numerous challenges still exist, withholding widespread application of more sustainable methods.

These challenges can be divided across a wide range of topics, and may include elements such as: research and

development (R&D) of battery systems, safety, certification, and operations. One of the challengers which we

will focus on in this study includes the determination of the state of health (SOH) of a battery, purely based on

sensor measurements. Numerous authors have been able to develop successfully develop techniques for this [4].

However safety critical systems [5, 6], such as the ones within aviation, require accurate uncertainty estimations,

which has largely been unexplored. This literature review therefore aims to provide to provide insight into a variety

of components we performed research into, before starting with our own research.

2



1.2. Battery Systems 3

Figure 1.1: Academic search results for ”battery AND capacity estimation” courtesy of WebOfScience.

1.2. Battery Systems
This section aims to provided background information into some general components of a battery and battery system.

Although in this master thesis the focus will be put on the developed of an estimation algorithm, it was deemed useful

to perform research into the various components and architecture of a battery system. Within this section the focus

will be put on two topics. Firstly in Section 1.2.1 a short description on batteries will be provided. Afterwards in

Section 1.2.2 the battery management system will be introduced, which is the system enabling the construction of

advance control and estimation processes.

1.2.1. Battery cell
The lowest level of any battery system is the battery cell. Regardless of its composition, a general generic battery is

constructed out of the following components: electrolyte, anode, cathode, current collectors and a separator. Here

current and power are delivered due to the potential created by the cathode and anode. Within Figure 1.2 a simple

schematic of a battery is provided by [7].

Figure 1.2: Composition of a lithium-ion battery, extracted from [7].

The most well known form of battery composition is the lithium-ion cell, where lithium is coupled with another

ion/ group for creating a potential. Although many different types of battery compositions exist such as lead-acid, fuel

cells, sodium-sulfur, etc... Lithium-ion batteries have shown to be a popular candidate, for a range of applications,
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due to their favourable cost, energy density, performance and diverse operational window [8]. Within Section 1.3

more detailed information about the various types of lithium-ion batteries can observed.

One of the main disadvantages of lithium-ion batteries is their degradation or change in performance over time.

A batteries degradation is covered by a range of complex chemical processes, which in turn result in a change in

performance. Due to the complex nature of this process the topic is being actively researched, furthermore degradation

is also leading for the research which will be conducted in this report. Below a range of degradation mechanisms are

described according to [9, 10, 11].

The formation of a ”solid electrolyte interphase (SEI) film” [11] is typically regarded as one of the leading

degradation mechanism for a lithium ion battery. This layer is generated early in the batteries life cycle, as a protective

measure against corrosion, due to the connection between the electrolyte and the electrode [9]. However due to further

growth of the layer, it results in a depletion of electrolytes, and electrode (anode and cathode) material, therefore

reducing the batteries potential, and leading to a decrease in capacity or increase in resistance [11]. Depending on

the research paper, the authors may also refer to external conditions either accelerating or decelerating the ageing

process. For example in [10] the authors performed a comprehensive review on data driven battery prognostic. Here

they mentioned the potential dangerous effects of over charging, over discharging, and excessively high current, on

a batteries structure and health. Especially over charge could lead to structural damage, generation of heath, and

depletion of battery material (both within the electrodes and electrolyte). Alternatively stress within the battery may

lead to formation of cracks, fractures or delamination. While extreme temperatures, similarly lead to a reduction of

performance.

Unfortunately regardless of how a battery is or is not used, it performance will reduce in time. This is degradation is

due to the mechanism mentioned within the previous paragraph. Generally researchers refer to two global degradation

processes over time cyclic ageing, and calendar ageing [9, 10]. Their main principle is relatively straightforward

to understand, given their name and based on the basic understanding of battery degradation which has now been

developed. Cyclic ageing, is due to active use (charge and discharge) of the battery. While calendar ageing, is a

process which occurs regardless of battery use, and refers to general degradation in time. The exact dynamics of these

degradation processes is however dependent on a range of elements. Within Figure 1.3 the results of an experiment

performed by [12] can be observed, in which different lithium-ion battery composition were cycled (expressed as

equivalent full cycles (EFC)).

Figure 1.3: Battery degradation for different battery composition, as a results of changes in operating environment

[12].

Within Figure 1.3 it can be observed that the dynamics greatly differ based on cell composition, the ambient

temperature, discharge rate and lastly the depth of discharge (DoD, proportion of battery capacity which is used). It

can for example be observed that the LFP battery is effected less by the DoD and combined with the higher cycle
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count, in comparison to the other batter types. The EFC metric, can be confusing since in reality the batteries with a

shallow DoD undergo more cycles, however less ”capacity” is used. From an comparison and performance point of

view, it is a useful metric since the total used capacity can be compared [12]. Note that a discussion on the different

battery compositions, in the category of lithium-ion batteries is included in Section 1.3.

Due to the wide amount of failure mechanisms which could be dangerous and detrimental to a batteries health, it

is critical to have a system which can limits these effects. Within Section 1.2.2 a subsection is devoted to describing

the BMS, which is an essential system for guaranteeing battery performance.

1.2.2. Battery Management System and Battery Pack Design
In the previous subsection the battery was introduced, although a single battery cell is useful, its capabilities are

inherently limited. If we look at the standard 18650 cell for example, which is often used in experiments such as [13,

14, 15]. We observe that the capacity is generally in the region of 1 to 2 Ah, operating at a voltage of around 3 to 4
V . These figures are of course nowhere near what would be required to operate an electrical car, electrical aircraft

or energy storage system. To be able to construct suitable battery packs adhering to certain design requirements,

manufacturers will connect a large amount of batteries in both series and parallel to form battery modules (afterwards

connected into packs). Here series connections lead to an increase voltage, while capacity and current remain constant,

while for parallel connections to opposite behaviour can be noted. This effectively leaves us with a large amount of

battery cells connected in series and parallel. Now to be to able reliably, safely and optimally use them within large

systems, a battery management system (BMS) is required [4] 1.

Battery storage systems have been successfully deployed in numerous different industries [4]. In the car industry,

batteries modules have historical been used, to power electrical systems and start a car its engine. However more

recently, through the development and advancements made, Lithium ion batteries have become the main power

sources for BEV. Alternatively battery modules have shown to be powerful method for energy storage within electrical

infrastructure. For example for ENGIE (an energy company), battery storage system or frequently referred to as

battery energy storage systems (BESS), have played a crucial role in creating grid stability2. This could be achieved

due to dynamically charging, and afterwards redeploying the energy into the electrical grid. Regardless however

of their use case, as stated in [4] the BMS play a vital role in managing and controlling the different batteries in a

battery system.

The BMS is responsible for 2 main tasks: control and state estimation of the various cells in a battery system. In

Figure 1.4 an overview of the tasks of a BMS can be retrieved. Within control various elements are included, which

can al be summarised into the following categories: reliability, safety, life enhancement and optimal operations.

This can be achieved due to the BMS’ direct contact with the battery module, through which it can measure battery

parameters and control temperature, charge and discharge procedures. Through this manner the battery can be

protected from entering harmful operating conditions, but also it can be ensured that it is operating as close to the

design point. Alternatively it is also capable of active load balancing between cells. Therefore keeping the voltage

and capacity in balance, and avoiding over or undercharge of the battery module [4].

Within the category of state estimation, the BMS’ main responsibilities includes the determination of health

related parameters or battery specific related terms. Typically researchers in the field of prognostics refer to three

main metrics: Battery State of Charge (SOC), Battery State of Health (SOH) and Remaining Useful Life (RUL).

The SOC, is a measure for the amount of energy which is currently in the battery. While the SOH, refers to the total

chargeable capacity relative to the rated capacity, taking into account battery degradation. Lastly the RUL refers to

the amount of time, often described as the amount of charge-discharge cycles, until the batteries SOH drops below

80% of the rated capacity [16, 8, 12].

1Insightful website concerning battery pack design, introducing various important concepts and including reference to state-of-the-art methods

and procedures. URL: https://www.batterydesign.net/
2https://www.engie.nl/zakelijk/verduurzamen/energie-encyclopedie/battery-energy-storage-systems-bess

[viewed on 24-3-2025]

https://www.batterydesign.net/
https://www.engie.nl/zakelijk/verduurzamen/energie-encyclopedie/battery-energy-storage-systems-bess
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Figure 1.4: Main responsibilities of a battery management system, visual extracted from [4]

To achieve this functionality the BMS is in direct contact with the different cells of the battery pack, through

which it can directly measure voltage (U), current(I), and temperature(T) levels, which are then used as an input to the

control and estimation strategy. Indirectly it is possible to compute the change in capacity. Utilising the individual

measurements the BMS can make informed prediction on the battery health metrics. To provide an indication into

the working principle of a BMS a typical architecture of said system can be retrieved in Figure 1.5.

Figure 1.5: A simple battery management system architecture extracted from [4]

Figure 1.5 presents a simplified version of the various components required for a BMS system. At the lowest level
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their exists the CMU or the cell management unit (highlighted in yellow in the figure). This unit is responsible for

monitoring the individual cells, more specifically it is responsible for measuring the voltage, current and temperature

of said sell. Next there is the module management unit (MMU), which collect information from the CMU, processes

this, and communicates this to the pack management unit (PMU). Within the MMU three distinct components can be

found, namely battery cells and its respective CMU connected in series, and the monitoring and balance system (MBS).

The MBS is responsible for the previously mentioned load balancing, where in case of a defect, the switch is activated

offering a bypass to the flow. The individual MMUs are then connected together with a power processing system

(PPS). Around all of these components the PMU is constructed which is responsible for pack related monitoring [4].

The CMU is a vital component for any state estimation method, since it provides the main processing units with

the required cell parameters. Utilising these signals the processing unit can then among other elements, estimate

prognostic related data. The role of the CMU, MMU and PMU can be summarised under the terms monitoring and

control. While the PPS an MBS are integrated into the system for control and safety reasons.

1.3. Data Set Availability and Description
Previous it was described that due to their favourable performance, lithium-ion batteries are currently the most

commonly used for BEV applications. To be able to construct the any learning method described in Section 1.4,

it will therefore be critical to find a large amount of high quality data. Due to its popularity in both research and

industry, a wide range of different data sets have been made public, which are suitable for the development of deep

learning models. The aim of this section is to provide an overview and description of the different datasets which are

available.

In 2021, [17], performed research into the wide variety of datasets which are available. The aim of the report was

to provide better visibility in the domain. Furthermore the authors highlighted the importance of high quality datasets

and monitoring, for both research and design, as well as efficient operations [17]. Generally in the various data sets a

two major points of distinction can be noted: battery type, and data type.

Firstly related to battery type all of the datasets presented in the report, can be classified within the lithium ion

category. However, an additional distinction can then be made based on the cell architecture/ composition. As the

name suggests a lithium-ion battery is constructed out of a lithium (reductant), however variation can occur due

to different oxidant it is coupled with. The authors mention four main battery compositions. Firstly there are the

phosphate based battery compositions, accounting for 40% of the market share in EVs. This high market share is

primarily due to the recent growth of the BEV market in China, where the phosphate based cells are most common

[18]. Lithium iron phosphate LiFePO4 (LFP), in this case the lithium (Fe+) is coupled with iron phosphate group

(FePO4
– ). Another composition includes lithium cobalt oxide LiCoO2 (LCO), where the reductant is CoO2

– . Lastly

there are two nickel based compositions, lithium nickel cobalt aluminium oxide (NCA) and Lithium nickel manganese

cobalt oxide (NMC). These cells have historically been the more popular compositions in the rest of the world [18,

17].

Secondly a division can be constructed based on the data type itself. Here three main categories are frequently

referred to by [17], namely cyclic degradation data, drive cycle data, and lastly calendar degradation data. Each of

these categories are setup to investigate the effect of a different operational environments, on the batteries performance.

This is done to perform research into global mechanism which have an effect on a batteries age and performance [12].

Within all three data types an experimental test setup is created, where a certain parameter is altered, to then

investigate the influence on the batteries health, and remaining useful life. These parameters among other, may

include ambient temperature of testing environment, by also the manner in which the battery is used (Depth of

Discharge or current). Within the cyclic data sets the focus is laid on performing cyclic tests, where additionally the

charge and discharge profiles/ settings are altered. Secondly in BEV applications the conditions and energy demand

may greatly differ to the “ideal” testing environment in a laboratory. To capture this dynamic nature, the category

of drive cycle data was created. Here a standardised test procedure, to better mimic “real life” operations. Lastly

there is calendar ageing, this refers to the general degradation of batteries over long periods of time, as highlighted in

Section 1.2.1. In this project the cyclic datasets will be of most interest. The remaining subsections introduce a few

popular datasets are described, in general they follow a similar principle [17].

1.3.1. NASA PCoE dataset
One of the most popular, and highly cited lithium-ion datasets in literature, are the ones by the NASA prognostics

centre of excellence [13, 14]. Due to its ease of use, reliability and the high quality data, numerous authors such as
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[19] have utilised their datasets in their research. The dataset itself aims to perform research into cyclic degradation,

where the ambient temperature and (dis)charge profiles are varied.

The first of the two NASA datasets is more simple in nature, making it particularly interesting for benchmark

comparison in research [13]. The data set contains 30, 2Ah battery cells which undergo cyclic loading until their end

of life criteria is met (as previously mentioned in literature often an 80% threshold is utilised). Within the dataset 3

distinct ambient temperature settings are utilised, namely a low setting (4◦C), medium setting (24◦C) , and a high
temperature setting (43◦C). During charging the constant current, constant voltage procedure is utilised, discharge is

done at a constant current unit a set voltage threshold. The second dataset, takes a more random approach to the

problem, here for both charge and discharge a random constant current approach is chosen [14, 17]. In both cases

current, temperature, voltage, and capacity values are present. Within Figure 1.6 an example of the data can be

retrieved for both charge and discharge. Additionally Figure 1.7 highlight the decay in capacity over time of battery

B0005.
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Figure 1.6: Charge and discharge, battery sensor measurements as a function of time, for cycle 10 and 100 of battery

”B0005” in the NASA dataset.
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Figure 1.7: Evolution of capacity for battery ”B0005” in the NASA dataset.

Within Figure 1.6 the sensor reading for current, voltage and temperature, for two distinct full charge-discharge

cycles, can be viewed as a function of time. Observing the current and voltage plots, the previously mentioned

constant current, constant voltage charge procedure can immediately be observed. After a certain period of constant

voltage charging it can be noted that the current nears 0 A, indicating the battery is fully charged. The discharge
procedure is then started, here the simple constant current approach is used.

Figure 1.7 present the degradation of cell ”B0005” as a function of the amount of cycles. It can be observed
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that after around 75 charge-discharge cycles the battery capacity drops below the 80% threshold, for the first time.

Typically in a real life scenario the battery would be declared EOL, however here the experiment was continued.

Remarkably it can also be observed that, occasionally the capacity of a battery increases. This phenomena might

appear, when cycling is halted, after prolonged period of use [20].

1.3.2. Toyota research
Similarly to the NASA dataset highlighted in Section 1.3.1, the dataset created by Toyota research also performed in

to the cyclic behaviour of batteries. Here the researchers used a phosphate based cell of 1.1Ah . Contrary to the NASA

dataset the researchers utilised a different charging procedure tailored towards fast charging and the temperature

was kept constant at 30◦C. The discharge however was performed using the standard constant current procedure.
Within the dataset itself more than one hundred cells where tested, and the data was afterwards provided in a clear

structured format. One downside however to the dataset in comparison to the NASA dataset, is that some additional

work is required to split the charge and discharge data, however the additional amount of quality data makes up for

this shortcoming [15]. Within Figure 1.8 the measurements for two distinct cycles can be observed.
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Figure 1.8: Charge and discharge, battery sensor measurements as a function of time, for cycle 10 and 100 of battery

”el150800737329” in the Toyota research dataset.

Within Figure 1.8 the sensor reading for current, voltage and temperature, for two distinct full charge-discharge

cycles, can be viewed as a function of time. Contrary to the NASA data set, it can immediately be recognised that, a

more complex charging procedure is being utilised. The discharge procedure remains the same, here the traditional

constant current approach is used, until the battery is fully depleted

The dataset provided by Toyota can be especially useful to investigate the model its performance to changing

charging procedures. In particular it will be interesting to research if the model developed for Section 1.3.1, in which

a more traditional charging setup is utilised, also performs well for the non-traditional charging procedure. Since

the development of electrical aircraft is currently very early on in its development cycle, their are still many things

design decisions which can be made. Therefore a flexible model, which is able to extract and learn deep features

regardless of the charging procedure is highly preferred.

1.3.3. Other datasets
Due to the immense popularity of lithium-ion batteries numerous other institutions have also developed key interest

in analysing the effect effect of certain parameters on a batteries performance. For example Oxford published their

own dataset focussing on more long term dependencies, while CALCE performed similar research to NASA [17].

The researchers at the Sandia National Laboratory within the paper highlighted within Figure 1.3 [12] also

made the data of their publication available through the battery archive 3. Due to the wide variety of factors which

where researched in this study, such as the effect of the ambient temperature, battery chemistry and DoD on a

batteries capacity. Its content is of immense value for researching how models behave in certain different operational

envelopes.

3https://batteryarchive.org/study_summaries.html [viewed on 14-4-2025]

https://batteryarchive.org/study_summaries.html


1.4. Learning Methods 10

1.4. Learning Methods
The degradation and unpredictability described previously poses some concerns, especially for safety critical systems,

which rely on exact formulation [5]. Due to the complex dynamical chemical processes involved in a battery, it is

often not trivial to determine the health related parameters of a battery. For this reason numerous researchers have

developed methods through which a batteries health can be evaluated

As previously mentioned in Section 1.2.2 generally there are three important metric related to batter health,

namely SOH, SOC, and RUL. This report aims the primary focus will be laid on SOH estimation methods. Within

the field of battery prognostics, SOH (among the two other metrics) estimation methods are an active area of research

with numerous researchers and companies contributing to the development of state-of-the-art estimation methods.

Typically research contributions can be summarised into two main categories experiment based approaches and

model based techniques [16, 8]. A nice table created by [16] summarising the most popular methods can be observed

in Figure 1.9.

Figure 1.9: Summary of the most applicable methods for battery state of health estimation created by [16]

Within Figure 1.9 the main division between the experimental and model driven techniques, quickly becomes

apparent. Generally the experimental techniques are suitable in laboratory environments, whilemodel based techniques

are more applicable in an practical or operational setting. The two categories are however heavily linked. Since the

total chargeable capacity by itself itself is not a directly measurable parameter, methods are required to be able to

infer the capacity. The data driven techniques for example, heavily rely on experimental methods to obtain labels

(capacity measures), which can then be used together with sensor measurements to construct a model.

Before highlighting the various methods which could be observed in Figure 1.9, it is important to highlight

common definitions. Generally there are two main criteria based on which the battery SOH is evaluated; capacity

(C) or internal resistance (RI ). The latter is often not presented or chosen due to the more intuitive capacity criteria.

Below in Equation 1.1 the formulation for both can be retrieved [19]:

SOH =
Ccurrent

Cinitial
[%] , SOH =

RI,EOL −RI,current

RI,EOL −RI,initial
[%] . (1.1)
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Here Cinitial is the rated capacity of the battery in ampere-hour (Ah), and can thus be considered the point of

reference. Whereas Ccurrent represent the capacity of battery in its fully charged state, in the current cycle, thus

taking into account degradation. Similarly the second formulation relies on the internal resistance of the battery,

where RI,initial is the initial resistance of the battery expressed in Ohm (Ω). RI,current represent the over time

increasing internal resistance and lastly RI,EOL is the resistance at EOL (80% capacity) [19].

1.4.1. Incremental Capacity Analysis (ICA)
Incremental capacity analysis (ICA) is a popular experimental based technique which has been applied by a variety of

researchers. For example [21] made use of the technique to analyse calender ageing, under different conditions, purely

based on sensor measurements. As initial motivation for the research, the authors noted interests into developing

a methods with low computational expense, but high accuracy, such that it would be feasible to perform real time

computations in a BMS. The computational complexity is often a big disadvantage of more modern data driven, or

high fidelity physics methods. Alternatively [22] utilised ICA in combinations with circuits to predict battery SOH.

The method was capable of making high accuracy predictions in the case of both a battery cell and pack. The authors

of this report highlighted the importance of integrating electrochemical features into a model, such that informed

capacity predictions can be made.

ICA is a technique which makes use of derivatives, based on the originally measured voltage, and capacity signals,

for its predictions. The base expression is defined by Equation 1.2:

IC =
dQ

dU
. (1.2)

By then relating the incremental capacity to voltage, the following relation can be achieved.

Figure 1.10: Incremental capacity expressed in Ah/V as a function of voltage [21].

Within Figure 1.10 it can be observed that a relation ship exists between the age of a battery, and the incremental

capacity chart. More specifically it was found that both the IC peaks, and valleys, in point 1, 2 and 4 hold valuable

information relating to the battery SOH. A regression was then be performed relating the capacity to the amplitude of

IC peak or value, to obtain a generalised relationship. Utilising the new found expression it becomes possible to

determine the SOH as function of the ICA peaks. Both reports were tested and verified against experimental data.

Similarly the differential voltage technique relies on the inverse of Equation 1.2

The advantage of the ICA technique is that it is more simple in nature, meaning that is is suitable for real time

applications in a BMS. Furthermore through the method it is possible to integrate physical battery phenomena, to

make predictions. A downside of the technique is that the method is battery specific [11], and its accuracy and validity

may depend on the operating conditions and environment [21].



1.4. Learning Methods 12

1.4.2. Ah counting
Ah counting can be defined as the easiest experimental technique, through which SOH can be estimated. Due to its

simplicity it can often be used as a validation technique, however its application areas are limited. Ah counting relies

on either a full charge or discharge to determine capacity. The technique in essence is simply performing ”counting”

operations on the current signal. The generic expression for determining capacity is defined as follows:

C =

∫ t

0

Idt. (1.3)

In reality the method is mostly suitable for SOC estimation, and less applicable for real life operation [16].

1.4.3. Electrochemical Impedance Spectroscopy
Electrochemical Impedance Spectroscopy (EIS), is an experimental based, data driven technique, which relies on

impedance for its prognostic judgement. As previously mentioned in the introduction of this section, SOH can be

assessed through either capacity or internal resistance. Through the use of EIS researchers aim to determine the

internal resistance (Equation 1.1), which can then be utilised to determine the state of health [16].

Numerous researchers have utilised the technique, and have achieved strong results. For example resreacher in

[20] utilised the technique to predict SOH values in an experiment. Afterwards these values could then be utilised

to perform SOH forecasts, using a recurring neural network (RNN). Similarly authors in [23] used EIS as a basis

for SOH forecasts, however now the authors relied on particle filtering. In both cases impedance measurement are

performed, which are then used to construct the Nyquist plot, from which the internal resistance can be extracted.

From a method point of view EIS is mostly applicable in a laboratory environment, since it can be used to

determine SOH. Therefore offering an alternative or complementary method to Ah counting, for determining SOH or

capacity, in a practical setting.

1.4.4. Model based techniques
Besides the more experimental based methods highlighted in the previous subsections, the second group of methods

rely more heavily on physics informed formulations. Alternatively this group of methods also includes techniques

such as machine and deep learning, which will be further introduced in the next subsections. Since the focus of this

literature study will primarily be on deep learning techniques, a brief description will be provided on the physics

based models.

The physics informed model typically rely on either equivalent circuits or electrochemical models (ECM and

EM) or high fidelity models. In first two cases the goal is to represent the complex mechanism of a battery through

the formation of ”simplified” expressions. Within ECM, simplified electrical circuits are constructed, which are then

used to find the relation between various parameters. For example, as highlighted in [24] an equivalent circuit can

be constructed, which on its turn can be used to compute the open circuit voltage and electromotive force, which

are a measure of SOC (through the use of refrence tables). Alternatively another popular approach in literature is

to combine ECM with existing filtering techniques, such as the H-infinity or the Kalman filter. For example the

authors in [25] proposed the use of an extended Kalman filter in combination with ECM for SOC estimation. The

implemented method achieved an accuracy of 1.5% in comparison to the 2% achieved by the previous method. The

methodology of EM based techniques is similar to ECM, however in this case partial differential equations are used

instead [16].

1.4.5. Machine learning
The previously described methods can produce highly accurate results, however especially the physics based model

driven techniques, rely on complex formulation. Furthermore it is not always trivial or possible to capture the

intricate nature of a battery its internal chemical mechanisms [26]. Additionally techniques such as Ah counting,

ICA or any other experimental techniques are not always possible in a practical setting. Because they either rely

on specialised equipment, or atypical measurements [22]. As a results the data driven approaches such as classical

machine learning techniques (ML) and deep learning (DL) have become increasingly popular. Within this subsection

a general introduction to the topic is provided. Whereas within Section 1.5 deep learning is investigated in more

detail.

Machine learning and deep learning both share a similar methodology. Given a training dataset, learn or represent

an underlying principle in the data. Such that given a test data set, the model is able to make informed predictions for
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this new data set. In its simplest form the problem can be defined as follows. Given a problem, where y is a function

of x and an error, find the function (g) which can be utilised to approximate y, here denoted as (ŷ) [27]. The general
problem is defined as:

y = f(x) + ε (Original) , ŷ = g(x) (Approximation) . (1.4)

Numerous different ML and DL techniques have been developed, however in essence they can all be linked back

to Equation 1.4. Their main benefit is that they can be utilised to learn complex mechanism, purely based on sensor

measurements. Additionally due to their mathematical nature the uncertainty of the predictions can also be quantified

in some cases. Due to its importance in this report, Section 1.6 is fully devoted to this topic. Regardless of the ML or

DL method which is being used, a common development procedure exists, such as the one outlined in [27], which is

described here.

1. Feature, and label preparation

2. Model Training, Testing and Validation

3. Model performance reporting

Feature and label selection

Before any model can be develop, features and labels should be collected. Features also referred to as inputs, is the

information which is afterwards utilised to predict a certain category or quantity (label). In the cases the voltage,

temperature and current measurements made by a sensor could be considered the model features, while the capacity

values (target variable) are considered the labels of the model. Referring back to Equation 1.4, x is the input, while y

is the output.

Although not strictly required, it is usually recommended to perform analysis into the data, features and labels,

before developing a model, to identify certain patters or anomalies. For example a review paper by [28] highlighted

the importance of investigating of utilising metrics, to evaluate the performance and relevance of certain indicators.

Although the report was highly focused around remaining useful life, it does provide valuable insight into potential

pre-processing and analysis techniques.

Model training, testing, validation

Next, given the data has been pre-processed and the features and labels have been acquired, the next step is to trained

a selected model. Depending on the machine learning technique, the exact optimiser may differ, however the main

the main goal of training is to estimate model coefficients. Ideally after training, the model should then be able to

make accurate and representable predictions given an input.

Two important elements in the model training include the optimiser and a loss function. The loss function is the

to be minimised expression which depends on the problem, while the optimiser is the component responsible for

getting to a local minimum. Popular loss functions utilised in deep learning are for example the mean squared error

(MSE) and negative log likelihood (NLL). While stochastic gradient descent and the Adam optimiser are popular

optimisers in the domain.

Validation and testing are both essential parts in the development of any machine learning model. Firstly it useful

to understand how a model performs during the training phase. Secondly it becomes possible to determine if the

model is suffering from over fitting. To diagnose and ruce over-fitting numerous methods have been proposed such

as k-fold cross validation, early termination of training, L1/L2 normalization, etc...

Model performance reporting

To evaluate a models performance generally two perspectives can be taken. Firstly the performance of the point

predictions can be made, secondly the quality of the uncertainty predictions can be made. For both categories, a wide

range of metrics has been constructed which can be utilised to evaluate predictions. Within Section 1.7 an overview

for both is provided. In both cases the metrics are a quick and reliable manner through which it becomes possible,

to determine the predictive quality of the model. Note that to a large extent this aspect largely overlaps with the

previous step. During training for example, the RMSE metric is evaluated over time.
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Applicable research

In [29] a machine learning and deep learning framework was developed using hand crafted features. Through the

use of these models battery SOH could be predicted, and the uncertainty of these predictions was quantified. The

authors developed and compared 4 procedures: deep neural networks (DNN), Random Forest (RF), Gaussian Process

Regression (GPR) and lastly Bayesian Ridge Regression (BRR), to investigate their suitability for SOH predictions.

As input to the model an automated feature selection framework was develop, which would sample the most relevant

handcrafted features derived from the charge and discharge curve. The features were then provided to the each of the

four algorithms, together with the labels (capacity). The models were then trained, validated (k-fold cross validation),

and tested on wide variety of datasets. It was deemed beneficial to investigate the models performance in a range of

conditions. Firstly the common NASA [13] dataset was utilised, containing sensor measurements of experiments

performed on the standard 18650 cell with a capacity of 2Ah [17]. Additionally a dataset by Toyota research [15]

was used, which investigated the effects of fast charging. Lastly the CALCE and Oxford dataset were also used. To

evaluate the predictive performance the MAPE, and RMSPE metrics were used. The uncertainty was evaluated using

calibration plots, C score, sharpness value, and α, β values [29].

Similarly [30] performed research into GPR for battery prognostics, using the NASA dataset. Here as input

feature, values from the ICA curve (Section 1.4.1) were sampled, while the experimental capacity figures were used

as labels. The paper however failed to perform analysis into the validity of the confidence intervals. Traditionally

the ICA curve exhibits considerable fluctuations, and as results it may not be possible to extract either the peaks or

valleys from the graph. Furthermore these fluctuations could influence the accuracy of the created model. To solve

the issue of noise, the authors present a pre-processing approach relying on the moving average filter or Gaussian

filter. Both MAE and RMSE were used as performance metrics, where a maximum error of <1.5 % was reported [30]

The above mentioned ML techniques although popular are not the only techniques which have been utilised in

the field. However due to their ability to quantify uncertainty as expressed in [29] they are preferred over methods

support vector regression (SVR) [31]. Another popular method which is able to compute uncertainty is the relevance

vector machine (RVM). The authors in [32] proposed the use of a RVM and achieved really strong results using

relatively simple features. Such as initial and final voltage level or the total charge within a certain discrete period.

1.5. Deep Learning Deep Dive
Deep learning is subset of machine learning, which has received a great amount of attention in recent years, due

to its performance and versatility [33]. In comparison to ML, deep learning utilises a biologically inspired (deep)

neural network structure for its predictions. With the key benefit being that deep learning in comparison to classical

machine learning, is its ability to learn and extract deep features from measurements on its own [34].

The development of the first neural networks can be dated back to halfway the 20th century, with researchers

taking inspirations from how brains work [35]. The simplest form of neural network, called a perceptron was

developed in 1943 by researchers in [36]. Although very simple, and at the time the capabilities were very limited.

Over time researchers developed numerous additions, such as giving it the ability to learn, through the use of back

propagation and stochastic gradient descent (SGD) [33, 37]. Now novel architecture and techniques are being applied

in a wide range of industries [35].

Within Figure 1.11, a simple neural network can be observed, with two hidden layers, relying on two input

features (x) and one output (ŷ). Each of the lines connecting the ”neurons” or nodes, represents a weight. The main
reason how neural networks are able to learn, and approximate complex systems is due to their reliance on non-linear

activation functions for mapping intermediate inputs to outputs. The typical structure is included in Figure 1.11, here

after summation at the neuron, the new value is inserted into the activation function. Multiple different activation

function have been developed such as the sigmoid, rectified linear unit (ReLU), hyperbolic tangents [33, 38]. Given

any structure the basic training loop can be summarised as: on the forwards pass given x, ŷ is computed based on the

current weights. Then based on the difference between the ŷ and y (loss function), the weights can then be updated
using for example SGD as optimiser and back propagation algorithm, during the backward pass.
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Figure 1.11: A basic neural network with hidden layers.

Due to its success in other domains, researchers also started developing methods to estimate battery state of

health, through the use of neural network. Numerous different methods have been developed, each offering unique

functionality. The remainder of this section is divided on based on the exact architecture which the researchers utilised.

Note that often methods can be of hybrid form, therefore a weak separation is employed in the next subsections.

1.5.1. Convolutional Neural networks
Convolutional neural network (CNN) were initially developed by Y. LeCun for application in image recognition,

early references to concept include [39]. Since its development the convolution operation has also found use in other

domains, such as the one being researched here. Generally CNN can be seen as one of the important advancements,

enabling the automatic extraction and learning of deep features in data [39].

Researchers in [26] developed a deep convolutional neural network (DCNN), where the input features where

created based on charge measurements. As motivation for their researcher the authors highlight the ability of a neural

network to learn and represent the complexity of battery, as a main driver over traditional methods.

For the DCNN, as input the time dependent voltage, current, and current derived change in capacity were

taken at N discrete locations for all cycles (K), during the charging protocol. Whereas for the labels, the standard

experimentally derived capacity values were utilised for each cycle. The change in capacity or ∆Q can be computed

using Equation 1.3, with adjusted bounds. Now utilising the constructed input and output elements (Equation 1.5), a

model was constructed (Figure 1.12):

Features (K,N,3) ⇒


U1,k I1,k ∆Q1,k

U2,k I2,k ∆Q2,k

...
...

...

UN,k IN,k ∆QN,k


k∈K

, Labels (K,1) ⇒


C1

C2

...

CK

 . (1.5)

Figure 1.12: Deep convolution neural network architecture, constructed for battery state of health estimation based

on charge measurements [26]
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The authors integrated additional hidden layers using convolution, max-pooling, batch normalisation, and ReLUs

into the final model. This was done to be able to get a deeper representation of the underlying non-linear data.

The model itself was trained, validated and testing using k-fold, on the NASA (Section 1.3.1) and a self composed

dataset (No reference found). The latter dataset included prolonged cyclic measurements, with the familiar constant

current, constant voltage charge and constant current discharge approach being used. For the model, a cropping

procedure was employed on top of the data, to reduce dependency on the initial phase of charging. In both cases

the data was acquired in a controlled environment, however elements such as DoD and Temperature dependence

where not included in the model, therefore transferability remains a question. The model was trained using SGD with

momentum, where a generic cost-function with the integration of L2 was used. The final model achieved a root mean

square error (RMSE) smaller than 0.5% was achieved, with a maximum error of 5%.

1.5.2. Long Short Term Memory
The above presented form of neural networks, are incredibly powerful. In combination with other specialised

components such as convolution layers, they can be used to solve a wide range of complex problems. However a key

limitation is that these DNN or CNN may not always be appropriate for time series analysis, since they require the

input to be of equal size. To combat this issue the recurrent neural network was proposed, offering a framework or

”building blocks” which are more suitable for time series. The RNN had one important and well recognised downside,

referred to as the ”vanishing and exploding gradient” problem. As previously described, Neural networks highly

rely on gradients during training to update their model parameters. However due to the ”vanishing and exploding

gradient” problem, training an RNN was often not possible or difficult due to the failure to converge [37]. The issue

only becomes more apparent when dealing with longer time series data (which is the cases for battery prognostics)

[40]. As an attempt to combat this issue the long short term memory (LSTM) [41] was presented.

In 1997 researchers in [41] proposed the concept of an LSTM network, with an improved internal structure greatly

reducing the gradient problems. Since is proposal they have been successfully applied in for example language

processing applications [42]. LSTM, and a variation called GRU, can both be categorised in the group of RNN. RNN

are a type of neural network especially useful for time index data due to their ability to remember and pass through

information [40]. To enable this form of memory, an architecture such as Figure 1.13 is required.

Figure 1.13: Configuration of the standard long short term memory unit [43]

Due to its representation in Figure 1.13 the underlying equations can readily be extracted based as seen in [43].

Note that for now the peephole part of the diagram may be ignored. As previously mentioned the LSTM was initially

constructed for time indexed problems, in the diagram this behaviour is denoted by t. The value x refers to the input,

y to the output and c refers to the memory of the cell (often also referred to as cell state).

First the LTSM determines which information shall be forgotten (referred to as ”f” in Equation 1.6), and which

information shall be remembered (referred to as ”i” in Equation 1.7). Both elements are computed based on the

current input x, the previous output y and the respective weights W and bias b, which are altered during the training

process.
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ft = sigmoid(Wf,yyt−1 +Wf,xxt + bf ) (1.6)

it = sigmoid(Wi,yyt−1 +Wi,xxt + bi) (1.7)

Next z is computed, which is referred to as the actual information, which is afterwards combined with f and i to

determine the value of c at the next time index.

zt = tanh(Wz,yyt−1 +Wz,xxt + bz) (1.8)

ot = sigmoid(Wo,yyt−1 +Wo,xxt + bo) (1.9)

Lastly the the value the output at timestamp t can be computed using Equation 1.10 and Equation 1.11

ot = sigmoid(Wo,yyt−1 +Wo,xxt + bo) (1.10)

yt = tanh(ct−1 � ft + it � zt)� ot (1.11)

Numerous authors have been able to successfully apply neural networks based on LSTM in their research,

highlighting the possible benefits of the method. For example [40] utilised a lstm, to perform SOC predictions.

As input features: voltage, current and temperature measurements were taken, and as labels the capacity was used.

Through the use of the technique the authors achieves SOC predictions with a RMSE of below 1%, and a maximum

error of 2.6%. Although the technique was applied to SOC, the technique proved to give promising results applied to

batteries.

Similarly in [44] researchers made use of an LSTM base neural network for remaining useful life studies related

to bearing failure. The main difference of this approach, was that the authors decided upon combining the convolution

and LSTM operation into a singular layer. This decision was motivated by the possibility that this structure would

allow for more representative and high quality features to be extracted from the sensor measurements. The structure

employed by researchers can be observed within Figure 1.14.

Figure 1.14: Neural network architecture developed for remaining useful life predictions of bearings [44].

Although the topic of bearing useful life predictions is different to battery SOH predictions. Bearing prognostic is

an active research area where many novel techniques are developed, such as the one expressed in Figure 1.14. As
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a results many interesting observations can be made from the research occurring within this field. An interesting

observation which can be made within Figure 1.14 is the output layer which the authors employ. Contrary to most

research which has been observed up to now, most researchers only perform point predictions. Here through what

the authors call a normal distribution output layer, both a point prediction and standard deviation is predicted. To

allow for this, the negative log likelihood (NLL) function is utilised, containing the predicted standard deviation (σ̂),
and the mean (µ̂) [44]:

loss ⇒ 1

2

N∑
i=1

[
ln
(
σ̂2
i

)
+

(yi − µ̂i)
2

σ̂2
i

]
. (1.12)

In [19] researcher formulated a clever approach to estimating battery SOH. Here a 2-part hybrid neural network

was developed, one part of the network is based on CNN, whereas the other part makes use of a gated recurrent

unit (GRU). The authors believed that combining the CNN and GRU would result in an increased performance.

Since CNN have shown strong performance in pattern recognition, while the GRU is directly coupled to time series

analysis. Although the internal structure of a GRU is not exactly equivalent to a LSTM (Figure 1.13). The main

working principle and motivation is identical to an LSTM. Similar to the first paper discussed within this subsection,

the authors made using of the sensor readings as input feature and relied on the capacity as labels. An illustration

created by the authors of the neural network can be observed within Figure 1.15.

Figure 1.15: Hybrid neural network employed by [19] for predicted battery SOH.

Within Figure 1.15 a clear separation can be observed between the CNN, and GRU-RNN part, which is unique

approach, when compared to procedures utilised by other researchers within the domain of battery analysis. It must

be noted that the CNN here, is the same as the one expressed within Figure 1.12. The neural network was trained,

validated and tested on the datasets published by NASA and Oxford. Similar to the pure CNN based network, the

authors did not perform explicit research into temperature or depth of discharge dependency of the model. After

training using the Adam optimiser, the point predicted quality was similar to the results obtained by the previous

authors.

The implementation referred to at the beginning of this subsection is referred to as the standard implementation

of LSTM. Numerous different variant of the base LSTM have been developed such as the previously described GRU,

which was applied to battery SOH in [19]. A convolutional LSTM was implemented within [44], and peepholes were

described within [43]. Lastly a bi-direction LSTM was utilised within [45] and a CNN-LSTM was used within [46]

to predict batter SOH and uncertainty.

1.5.3. Residual Network
Similarly to LSTM, residual networks were created to mitigate the formation of extremely large, or small gradient

values [47]. To thus try to limit this gradient problem, researchers in [48] created a concept know as the residual

network. Similarly to the other methods discussed within this section, the residual network is another element which

can be integrated into a neural network. The working principle of a residual network is straightforward, and may be

observed within Figure 1.16. Contrary to regular/ typical neural networks, a bypass is constructed over a discrete



1.6. Uncertainty Estimation Methods 19

amount of neural network layers, thus creating multiple paths for the signals. The bypass is often referred to as the

identity path (since nothing changes), while the ”original” path is referred to as the residual path. When both paths

merge, their results are summed together [34].

Figure 1.16: A basic residual network component [34] Figure 1.17: The architecture of the residual network

based neural network as employed within [34]

Based on the residual network component, [34] constructed Figure 1.17, for battery SOH point and uncertainty

predictions. The underlying network which is described within the figure, is similar to the CNN approach which

was taken within Section 1.5.1, with the exclusion of the residual layers build around the original sub-groups of the

network. The model was trained, validated (k-fold), and tested on the charging and capacity values within the NASA

dataset.

Although a new method was proposed by the authors of this report, other contributions were made, which are

more valuable compared to the model architecture itself. Firstly the authors acknowledge the variation which may

exist between batteries. Not all batteries operate or behave the same, even if the battery type and operating conditions

are the same. As a result the authors reiterated the importance of integrating uncertainty analysis into the framework.

The uncertainty analysis procedure will be highlighted within Section 1.6.

1.6. Uncertainty Estimation Methods
Within the previous sections a range of methods where presented through which SOH can be determined. In practical

applications many methods are infeasible, therefore measurements are used to infer a batteries SOH. Although

numerous publications have achieved high accuracy for this estimation problem, the results remain approximations or

predictions, which is furthermore presented by the maximum errors which still may occur for well trained methods.

For this reason it is vital highlight the uncertainty of any given method, the importance of this becomes especially

relevant for safety critical systems [6, 5]. Since uncertainty quantification is not a straightforward process, this section

is fully devoted to the topic.

Uncertainty quantification involves two types of error, namely aleatoric and epistemic uncertainty. Epistemic

uncertainty, also frequently referred to as reducible uncertainty, is a type of error which can be attributed to the lack

of knowledge about the data, model selection, and data quality. While on the other hand Aleatoric uncertainty, also

defined as irreducible error, arises from the principle that the problem is an approximation problem, and there thus is

intrinsic unpredictable uncertainty engrained within the data. Books such as ”Introduction to statistical learning” by

[27] provide a nice mathematical formulation to describe this uncertainty [27, 49, 50, 51].
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E
[
(y − ŷ)2

]
= E

[
(f(x) + ε− g(x))2

]
(inserting Equation 1.4)

= E
[
(f(x)− g(x))2 − 2ε(f(x)− g(x)) + ε2

]
= E

[
(f(x)− g(x))2

]
− 2E [ε(f(x)− g(x))] + E

[
ε2
]

= E
[
(f(x)− g(x))2

]
+ var(ε) + (E [ε])2

= E
[
(f(x)− g(x))2

]︸ ︷︷ ︸
Epistemic

+ var(ε)︸ ︷︷ ︸
Aleatoric

Within the field of uncertainty quantification the main goal is to be able to accurately represent and quantify the

two errors, described above. Within literature numerous approaches have been developed for application within deep

learning, ranging from simple implementations to complex formulations. Based on literature the popular methods

can be summarised, where the main goal is to predict a mean (µ̂) and the standard deviation (σ̂) or a variant of it,
such that the distribution can be reconstructed.

To be able to get insight into the above mentioned uncertainty numerous different methods exist. Bayesian

neural networks (BNN), are typically regarded as a more complex form of neural network. Here instead of using

the traditional input output neurons, entire distributions ( probability density functions) are utilised, to predict the

distribution (posterior) from which the actual data is sample, based on a certain assumed prior distribution. Even

though the BNN are able, to accurately represent uncertainty. They are often complex and expensive to train. In

contrast two popular methods which are frequently utilised due to their ease of implementation, are Monte Carlo

dropout (MCD) and neural network ensemble learning [52].

MCD was initially proposed by [53] as a measure to combat over fitting during training. However, more recently

researchers [54] have also found that during testing this drop out layer can also provide good estimates of uncertainty.

This is achieved through the use of drop out layers, which are incorporated after every dense layer. Within said

dropout layers, neurons will randomly temporarily be inactive within the network, and as a result it can temporarily

not contribute. Due to its ease of implementation it is particularly favoured over other more complex methods.

However it exhibits poor performance for out of distribution points, and the results can often vary based on the

selected hyper-parameters [52].

Quantifying uncertainty through the use of the Ensemble learning methodology [55], similarly to MCD, is a

relatively simple technique to implement. Within literature two distinct version of the technique may often be found.

To predict uncertainty, a multiple number of neural networks are trained, based on different training data, sampled

from the same distribution. Firstly instead of making point predictions, an estimate is made on the mean and standard

deviation, similar to Equation 1.12. The results are afterwards averaged over the multiple trained neural networks [52].

Another variant of the technique is often referred to as the bootstrap technique. Here no predictions are made on the

mean, and standard deviation. Rather through the different predictions being made by the different neural networks of

the same point, the uncertainty con be constructed in a standard manner, as summarised in [56]. Regardless ensemble

learning suffers from the same shortcomings compared to MCD, combined with the inherent computational expense

of training multiple neural network models [52, 56].

1.6.1. Quantile and Expectile Regression
Quantile regression has emerged as new technique to estimate uncertainty, through the use of a flexible framework.

Quantile regression is by no means a new technique, it relies on a 2 part expression, to be enable estimate of quantiles,

which on there turn can be used to reconstruct a distribution. The governing to be minimised equation can be expressed

as Equation 1.13 based on the comprehensive analysis of the technique which has been conducted within [57]. Within

the equation α refers to the αth quantile (∈ [0, 1]), g refers to the regression model, y describes the labels, and ŷ
refers to the made predictions,

L (y, ŷα ∼ g(x)) =

N∑
i=1

wi,α|yi − ŷi,α|, where: wi,α =

{
1− α yi − ŷi,α < 0

α yi − ŷi,α ≥ 0
. (1.13)

Using Equation 1.13 as a base, the researchers within [49] developed a procedure through which quantile regression

could be modified for use within deep learning. The prosed method, named simultaneous quantile regression (SQR),
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performance the minimisation across all different quantiles at once. To then attain a regression model which is able

to model uncertainty through the prediction of ŷi,α. Here ŷi,α is a function of g(x) for a specific quantile. Note that
in comparison to Equation 1.13 the authors of SQR use the mean, over varying quantile levels:

g∗ ∈ arg min
g

 1

NK

N∑
i=1

K∑
α∈{0,...,1}

wi,α|yi − ŷi,α|

 , where: wi,α =

{
1− α yi − ŷi,α < 0

α yi − ŷi,α ≥ 0
. (1.14)

One of the main benefits of the technique is that in principle it can be utilised to predict specific quantiles, without

enforcing a certain distribution. This allows for the distribution to be reconstructed within the post processing phase.

The authors described the method to deliver well calibrated results, while ensuring the predicted distribution are

monotone (not guaranteed when employing the standard quantile loss formulation)[49]. Based on the research above,

two recent researcher papers were constructed applied to battery SOH analysis. In both cases the more traditional

quantile loss term was used. The authors of [34] used the traditional pinball loss (Equation 1.13), in combination

with a residual neural network. While in [45] a similar approach was taken, instead relying on a bi-directional LSTM

in combination with a CNN.

Alternatively as also mentioned by [57], there also exists a technique referred to as expectile regression (Equa-

tion 1.15). The formulation is constructed in a near identical fashion, however now a the square of the residual is

taken (also referred to as L2) instead of the L1 method use previously [57]. Note that within the equation an expectile

is predicted, which is referred to as ê within the expression. Based on analysis conducted by the same authors it was
found that expectile regression exhibits a better accuracy within the tails a distribution. The method however has not

been applied yet within the field of battery uncertainty estimation. The loss function to determine the conditional

expectiles is defined as:

L (y, êα ∼ g(x)) =

N∑
i=1

wi,α (yi − êi,α)
2
, where: wi,α =

{
1− α yi − êi,α < 0

α yi − êi,α ≥ 0
. (1.15)

1.7. Performance Evaluation
One of the most important parts of creating any model, is evaluating its performance, and most importantly its

trustworthiness. This section is divided into two parts. First point prediction metrics are discussed in Section 1.7.1,

afterwards uncertainty accuracy is discussed in Section 1.7.2.

Typically within deep learning it is common to divide the data set (D), into a non overlapping training (A),

validation (B) and testing (C) set:

A,B, C ⊆ D, A ∩ B = A ∩ C = B ∩ C = {∅}.

Here both the training and validation set are used heavily during development. While the test should ideally only be

used for final reporting. As would be expected the methods within this section can be applied on any of the mentioned

subsets. In this case the arbitrary or generic subset used below, is referred to as X [27].

1.7.1. Point prediction metrics
Below metrics commonly used within literature can be retrieved [29, 30, 34, 19, 27]. Here N refers to the amount of

data points, and ȳ describes the mean.

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2 (1.16)

RMSPE =

√√√√ 1

N

N∑
i=1

(
yi − ŷi

yi

)2

(1.17)

MAE =
1

N

N∑
i=1

|yi − ŷi| (1.18)

MAPE =
1

N

N∑
i=1

|yi − ŷi|
y

(1.19)
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MSE =
1

N

N∑
i=1

(yi − ŷi)
2 (1.20)

R2 = 1−
∑N

i=1(yi − ŷi)
2∑N

i=1(yi − ȳ)2
(1.21)

MAX = max (|yi − ŷi|)∀i ∈ {1, ..., N} (1.22)

1.7.2. Uncertainty prediction metrics
In comparison to the point predictions metrics, the evaluation of uncertainty predictions generally requires a different

procedure. An efficient manner to asses the accuracy of the predicted uncertainty is through the creation of calibration

curves. The goal of the calibration curve is to present how successful the model predicts the confidence intervals, by

providing insight into its over or under confidence [52].

To create the calibration chart, a three stage procedure was outlined in [52]. Within the report the authors main

goal was to provide engineers with a framework and foundation through which uncertainty analysis could be integrated

within their process. First the domain between 0 and 1, should be discretised into K equidistant confidence levels

(expected or reference confidence):

CK = [c1 = 0, c2, ..., cK−1, cK = 1] .

For each of the mentioned points, a ”closed” confidence interval can then be constructed according to the generalised

Equation 1.23:

CIci =

[
F−1
i

(
1− c

2

)
, F−1

i

(
1 + c

2

)]
∀c ∈ CK ,∀i ∈ X . (1.23)

Note that this procedure is repeated for each prediction (i), and F denotes the cumulative distribution function

(cdf). In certain conditions, it may not be feasible or meaning full to use the two sided confidence interval around the

mean. For example in the cases of a lower bound, or left tail of a distribution prediction. For these cases the authors

described the one-sided confidence interval (Equation 1.24) as a useful alternative:

CIci =
(
−∞, F−1

i (c)
]

∀c ∈ CK ,∀i ∈ X . (1.24)

Note: In case the quantile or expectile regression method was utilised, and no distribution was reconstructed,

these selected interval should be equivalent to the ones chosen for the output domain. Alternately methods which do

not explicitly make predictions for each quantile, and thus form a distribution, can freely select a desired amount of

interval. This latter mentioned procedure is the one most typically encountered within research.

Next utilising the models predicted uncertainty and the labels (validation/ test), the number of labels failing within

the confidence interval, relative to the total amount of labels can be computed for each interval. This parameter will

be referred to as ĉ, and express the models confidence relative to the original data, based on the models predict results
(ŷ). Equation 1.25, represent the procedure in equation form:

ĉj =
1

N

N∑
i=1

δyi∈CIc
i

∀c ∈ CK ,∀j ∈ {1, ...,K}. (1.25)

Here N refers to the total amount of label data. In typical fashion this normally should be a subset of the data,

different from the original training data. However it may also be possible to create a calibration plot based on the

origan training data. δyi∈CIc
i
is a binary value equal to 0, when the label is not part of the predict confidence interval,

and 1 when it is.

The calibration curve can now be constructed by relating the expected or reference confidence (c) to the confidence
observed within the model(ĉ). This can be done for each of the predefined K confidence levels. Within Figure 1.18

the procedure is summarised and an example result is provided, constructed by the same authors.
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Figure 1.18: Three stage procedure to constructing calibration plots [52]

Within Figure 1.18 under-confidence can be recognised, when the chart is above the diagonal. This means that

the observed confidence is broader that the expected confidence. For overconfident models, to opposite behaviour

can be recognised.

Similarly to point prediction methods, similar metrics exist for uncertainty evaluation. The same authors,

describing the procedure of constructing the calibration plot, described the expected calibration error (ECE). The

ECE is based on the sum of the residuals between the expected and observed confidence, for each of the K confidence

levels [52]. The ECE can be computed using:

ECE =
1

K

K∑
i=1

|ĉi − ci|. (1.26)

The above presented metric relies on the creation of the calibration plot, such that the required elements can be

retrieved for the evaluation of the ECE. Alternatively similar to the point prediction metrics, similar metrics exists for

the evaluation of confidence intervals. These more ”simple” metrics are especially useful as a standardised approach

for comparison. For example Equation 1.27 describes the sharpness metric, which is purely related to the predicted

standard deviation [29],

Sh =
1

N

N∑
i=1

σ̂i. (1.27)

In [56] a range of prediction interval (PI) based metrics were presented. The formation of these metrics was

vital for the creation of generic uncertainty aware deep learning model framework in [58]. Similarly to the quantile

regression approach which was highlighted in Section 1.6.1 and used in [34], the loss function (here described as

metric), was used to extract the models uncertainty. Firstly the prediction interval coverage probability (PICP) is

equivalent to Equation 1.25, however typically within this cases a singular interval is chosen and presented. The

metric for the width of the interval can be constructed using Equation 1.28, referred to as MPIW (mean width of the

prediction interval). Here UB and LB refer to the upper and lower bound of the prediction, again using a predefined

chosen interval,

MPIW =
1

N

N∑
i=1

(UBi − LBi). (1.28)



2
Formal Research Proposal

In this chapter a stand-alone formal version of the initial research proposal is provided. First in Section 2.1 a detailed

introduction is provided into the topic of battery SOH estimation. Afterwards in Section 2.2 the main research

questions are defined, followed by the methods and tools in Section 2.3. The proposal is concluded with a initial

planning in Section 2.4 and a brief conclusion in Section 2.5. Additional planning information such as the work

breakdown structure and Gantt chart are provided in Section 2.6, while the overall model pipeline can be viewed

in Figure 2.1. A shortened version of this research proposal including only the research questions is included in

Chapter 2.

Charge Cycle Data
[ Voltage, Current, Temperature, Time ]

Discharge Cycle Data
[ Capacity ]

Features Labels

Pre-processing

Outlier & Faulty cycle removal

Data Standardisation 
- Resampling
- Normalisation
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Develop Model

Deploy Model / Report Performance

Battery Dataset

U I T
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Figure 2.1: Proposed model pipeline for the battery state of health estimation model.
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2.1. Introduction
Globally significant effort is being done to transition away from more traditionally used energy sources, such as oil

and natural gas, to more sustainable production methods such as wind and solar. Numerous countries around the

world have exhibited clear interests and are implementing targets to become more sustainable, and reduce their CO2

emissions. This being formally coordinated by the climate targets set within the Paris agreements [1].

These efforts can be seen across various industries, where immense actions are being undertaken to electrify

current practices and become more sustainable. The energy production industry has shown a large steady growth of

both the rated solar and wind capacity [2]. While in other industries such as the transport industry, a transition to

electrified drivetrain systems or battery electrical vehicles (BEV), can be recognised. In the automotive industry

strong steady growth has been demonstrated. According to [3], this electrical vehicle market is projected to reach a 1

trillion (US) dollar market volume by the end of the decade. Although on a more limited scale, a similar desire to

innovative exist in the aviation industry. Among many other interesting projects and ideas, strong interest has been

developing into electric aircraft. With numerous companies such as Airbus, Boeing, Embraer, and Elysian exhibiting

clear interests into the topic. However numerous challenges remain in place, delaying the transition. One of these

challenges, especially relevant in a safety critical systems, such as the ones in aviation. Is the development of safe,

reliable, and uncertainty aware battery management systems (BMS) [4, 5].

Regardless of their application and industry, Lithium-ion batteries have shown to be a popular candidate, due to

their favourable cost and energy density figures [8]. The battery management system (BMS), plays an important

role into both the safe control and operations of the batteries. The BMS, is in direct contact with the individual

batteries in a battery pack. Through sensors it is able to receive information such as current (I), voltage (U), and

temperature (T), which it then utilises to effectively and safely operate the battery pack. Another responsibility of the

BMS is state estimation, providing the user and system with information about the batteries current health status [4].

When considering the battery prognostic side of the BMS, there are generally thee main analytical tasks, providing

information into the general performance and health of the battery. These three metrics are defined as follows: state

of charge (SOC), state of health (SOH), and remaining useful life (RUL). The SOC, is a measure for the amount of

energy which is currently in the battery. While the SOH, refers to the total chargeable capacity relative to the rated

capacity, taking into account battery degradation. Lastly the RUL refers to the amount of time, often described as the

amount of charge-discharge cycles, until the batteries SOH drops below 80% of the rated capacity [8, 12, 16].

If we now focus on battery SOH estimation we observed that, significant effort has been devoted into the topic

across a wide range of different domains and disciplines (battery electrical storage systems, electrical vehicle, etc...).

Battery capacity or battery SOH is a property which cannot be measured directly, therefore numerous researchers

and companies are contributing to the development of state-of-the-art estimation methods. Typically research

contributions can be summarised into two main categories, experimental approaches and model based techniques [8,

16]. Experimental approaches are rarely practical during operation. On the other hand model driven approaches can

produce highly accurate results, however they often rely on expensive and complex formulation, making it difficult to

capture the intricate nature of a battery’s internal chemical mechanisms [26]. As a results the model driven approaches

relying on machine or deep learning have become popular, due to their ability to learn and extract deep features from

measurements [34].

Battery SOH estimation is a multi-disciplinary research topic in which numerous disciplines are involved:

Chemistry, Physics, Mathematics, and Informatics. Therefore it is important to state that the focus of the research

performed will not be to develop a new deep learning framework, nor will it be to develop a novel electrochemical/

physical model to asses battery degradation. Significant research has been devoted into the development of SOH

estimation methods through the use of machine learning. However these research papers often neglect or are unable

to define the uncertainty their predictions [6, 5, 29]. This uncertainty quantification aspect is especially relevant

for safety critical systems in aerospace. Since failure to provided accurate information on the capabilities and

performance of any system can have enormous safety implications. Therefore the contributions of this research will

be, the development and integration of existing techniques into a framework, suitable for SOH estimation. During

the development process of said framework additional emphasis is put on lower bound estimation, and uncertainty

quantification and evaluation. This allows for better understanding of the capabilities of the estimation model,

considering application in the domain of aerospace.

The remaining sections in this proposal will threat the proposed research questions, in Section 2.2. The required

methods, tools and results are introduced in Section 2.3 followed by the planning framework in Section 2.4. The

report will be finalised with Section 2.5, in which the proposal conclusion will be provided.
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2.2. Research Questions
As previously highlighted the research objective is to estimate the uncertainty of battery SOH predictions through

the development of uncertainty-aware deep learning techniques. Therefore the primary research question can be

defined as follows: How can the uncertainty of lithium ion battery state of health be accurately predicted through the

application of deep learning methods?

The following sub-questions where created, to further assist the project thesis stated above.

1. How effective is a convolutional neural network (CNN) in predicting the capacity of a lithium-ion battery, in

varying ambient conditions?

2. How can the accuracy of uncertainty predictions, made through the use of a CNN and expectile regression be

evaluated?

3. How representative and accurate are the lower bound prediction interval of the predicted SOH, made through

the use of a CNN and expectile regression?

4. How do the uncertainty predictions compare to other standard uncertainty quantification methods?

2.3. Method, Tools, and Expected Results
Review papers such as the one performed by researchers in [8] or [16] nicely highlight the advancements and the

wide variety of methods which have been developed, both from a model and data driven point of view. More recently

researchers have developed deep-learning methods, and achieved promising results, however lacked uncertainty

quantifications. For example within [26], researchers proposed a deep convolutional neural network (CNN). Here

features where recognised in automated manner by the model, relying solely on discretised current, voltage, and

charge measurement taken during the full charging protocol. Alternatively the authors of [19], created a hybrid

neural network architecture, similarly relying exclusively on measurements made during charging. In comparison to

previous research, the authors proposed a CNN in combination with a long short term memory (LSTM), a type of

recurrent neural network (RNN). Strong results were obtained by both authors, when evaluating their model on a

dataset published by NASA (described in Table 2.2). Lastly [40] made use of only an LSTM within their architecture,

for SOC predictions. With this paragraph we mainly want to highlight that a tremendous amount of work has been

performed on the development of these deep learning models for engineering maintenance and prognostics. The

models have become incredibly attractive within the field, due to their ability to extract high quality information from

input data [33]. Therefore the research discussed here will serve as strong foundation for the research presented here.

Uncertainty quantification is an increasingly important aspect of deep learning. In recent years it has gained

attention, with numerous high quality researcher papers being fully devoted to the topic. The methods proposed

within these papers differ greatly in complexity, effectiveness, computation expense, and applicability. Therefore

selecting the most applicable method is vital during the development of a framework [52]. Generally two types of

uncertainty are mentioned, aleatoric and epistemic uncertainty. Where aleatoric refers to irreducible error, due to

intrinsic uncertainty (e.g. noise) within approximation algorithms. Whereas epistemic or reducible error, refers to the

lack of knowledge about the data [49, 27, 52]. We found that the approach presented in [49] was particularly attractive,

since the two type of uncertainties are investigated separately and high quality results were presented. The authors

proposed simultaneous quantile regression (SQR) and orthonormal certificates (OC), for the estimation of aleatoric

uncertainty and epistemic uncertainty respectively. Integrating the previously outlined framework, with expectile

regression highlighted in [57], the aim is to use a technique capable of delivering well calibrated and trustworthy

uncertainty for battery SOH estimation.

To the best of my knowledge currently only the recent papers published by [34] and [45] have made use of quantile

regression. However little analysis into lower bound of the predictions was performed, and epistemic uncertainty was

not evaluated. The concept of expectile regression to my best belief has not been applied in the concept of battery

SOH. Therefore through the use of the by literature inspired feature extractor, in combination with the uncertainty

components, we aim to contribute to current research. The main development process can be highlighted as follows,

and is described further below.

1. Data Gathering

2. Pre-processing

3. Model Implementation and Development

4. Model Training and Evaluation

5. Post-processing

6. Discussion of Results and Key Metrics
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The most vital component to any machine or deep learning model, is acquiring a large amount of high quality

data. In Table 2.2 we have summarised three main dataset sources, which we aim to consider in our research. Next

the aim is to perform a high level analysis on the data, to get a general idea of the dataset characteristics. This

step also includes the data cleaning and transformation, such that it can be used in Python (see Table 2.1). Next

the main development phase is initiated, which includes the development and assessment of the model (step 3, 4).

First the training and evaluation architecture of SQR and OC’s are implemented. Afterwards the main model is

trained and evaluating on their respective datasets. This step can be summarised as an iterative and dynamic step, in

which different feature extractors are evaluated, to find the most suitable and effective configuration for the chosen

2-part uncertainty method. Finally the model performance is documented on a unique test, where both the point and

uncertainty predictions are investigated trough specialised metrics.

Table 2.1: Python packages which will be utilised during the development of the model.

Python == 3.13.2

Package Description Package Description

Numpy Scientific library primary offer-

ing matrix and matrix operation

support.

Pandas Scientific library offering built-

in data analysis functionality and

support.

Matplotlib + Seaborn Data visualisation library, in

combination with the styling and

statistical presets from seaborn.

Scikit-learn Prebuild implementations of a

range of standard machine learn-

ing implementations.

Pytorch Tooling for the development of

advanced deep learning models,

offering built-in CUDA support.

Scipy Scientific library offering pre

build implementations of a range

of algorithms.

Ipython Python development through the

use of Jupyter notebooks.

Table 2.2: Required data and expected results.

Data_id Format Information Source

NASA .mat Two datasets containing charge and discharge measurements (Capacity,

Temperature, Voltage, & current) taken during a cyclic experiment on a

single battery cell. A multiple amount of experiments can be retrieved within

the data set, where conditions such as ambient temperature, and discharge

procedure are altered. A constant current constant voltage charge procedure

is utilised, and a constant current discharge procedure is used. Due to its

popularity within literature this battery set was chosen, such that performance

comparisons can be made [17].

[13, 14]

Toyota .mat Dataset containing charge and discharge measurements taken during a cyclic

experiment on a single battery cell. A multiple amount of experiments can

be retrieved within the data set, where the fast charging procedure is altered,

at a constant ambient temperature. This dataset does not appear frequently

within literature, therefore it would be valuable to investigate the models

ability to deal with a different charge protocol [17].

[15]

SNL .xslx Dataset containing charge and discharge measurements taken during a cyclic

experiment on a single battery cell. The same charge procedure as the

NASA dataset is used, however now 3 different cell chemistries are tested.

Additionally the discharge current, temperature and depth of discharge are

varied. This dataset is useful to investigate if the model is able to learn and

generalise well to a diverse set of operating conditions [17].

[12]

Results N/A The results of project will be twofold. Firstly a trained, validated and tested

model will be achieved. Secondly based on the results a range of different

analysis may be performed.
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2.4. Planning
The research phase is divided into 4 distinct phases, each having their own respective milestones. In Table 2.3 the

key dates can be consulted, while within Figure 2.2, and Figure 2.3 the Gantt-chart and WBS can be viewed. For

each of the phase an internal deadline, is set 1 week before the milestone. The main deliverables in the literature

review phase (7 weeks) are the submission of the research proposal, literature review chapter and a presentation.

In the first half of the first week of this period, time is made available to perform project project management and

logistic related tasks. Afterwards the remaining time is scheduled for the actual literature review and the write-up.

During the literature review research into the following 6 items will be performed: Market research, Battery types,

Battery datasets, State of health assessment methods, Uncertainty quantification methods and Neural networks.

Research phase I (10 weeks), is nearly entirely devoted to model development (8 weeks). Here the model will be

developed according to the previously highlighted steps, and initial results should be collected. It should however

be highlighted that in the model development phase, first a ”standard” deep learning model will be created. Upon

successful completion of the model, the expectile regression technique will be integrated. Furthermore an initial

version of the methodology chapter should be completed at the end of this phase. Since the topic of deep learning

is currently still new to me, the first 2 weeks of this period will be fully devoted to learning more about machine

learning and deep learning. Additionally this time could also be utilised to implement feedback from the literature

review phase.

Research phase II (14 weeks), will be a continuation of the previous phase, in which a 2 week break and 2 week

contingency is added. The break is currently schedule from the July 7th to July 20th, while the 2 week contingency is

added at the end of the phase. The initial schedule is to have the entire base code development aspect of the project

finished before the break. After the break time is made available for model benchmarks, validation and verification (2

weeks) and the draft thesis/ deliverable will be prepared (4 weeks). Contrary to the regular 1 week internal deadline,

in this cases the deadline is schedule 2 weeks before the end of phase. Here the first version of the thesis and a

presentation should be made, furthermore a plagiarism report should also be submitted. The green light review is

scheduled in the week of 21th of September.

Lastly the completion of the master thesis is currently scheduled for the week of 2nd November. Two critical

deadlines here are the submission of an examination request, 4 weeks to the graduation. Followed by the submission

of thesis documents (thesis, data source & model) on the TuDelft repository. For the graduation itself the presentation

should be created and prepared. Furthermore any related documents and planning (reserving a room, finding a

committee), should be done well in advance.

Table 2.3: Schedule, where key milestones are indicated

Phase Start End Deliverable Duration

Literature Study 17-02-2025 06-04-2025 Research proposal, Literature review

chapter, Presentation

7 weeks

Research Phase I 07-04-2025 15-06-2025 Initial results, Methodology chapter,

Presentation

10 weeks

Research Phase II 16-06-2025 21-09-2025 Thesis, Presentation, Plagiarism re-

port

14 weeks

Research Dissemination 22-09-2025 02-11-2025 Examination request, Repository,

Thesis, Presentation, Graduation

6 weeks

Total: 37 weeks

2.5. Conclusion
Lithium-Ion batteries have seen an incredible increase in popularity, due to their favourable favourable cost and

energy density figures. Currently they are being applied within a range of domains, offering a more sustainable

alternative to traditional systems. One of the key problems however, is the uncertainty of their capacity which is

dependent on degradation over time. Within this report the need for such uncertainty aware prediction methods was

highlighted, and various state of the art research topics were presented. Afterwards a deep learning framework is

proposed relying on expectile and quantile regression, to be able to make informed estimates of the uncertainty of the

battery state of health.
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Figure 2.2: project Gantt chart
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Work Breakdown Structure
Master thesis: Battery SOH

Literature Study Research Phase I Research Phase II Research Dissemination
(10 weeks) Apr 7 - Jun 15(7 weeks) Feb 17 - Apr 6 (14 weeks) Jun 16 - Sep 21 (6 weeks) Sep 22 - Nov 2

Total: 37 weeks

Kick off Session

Register In MyCase

Research Proposal/
Plan

Research Qustions

Hypothesis

Timeline &
Framework

Literature Review

Battery Types

Battery Datasets

State of Health
Estimation methods

Uncertainty
Quantification

Documentation

Documentation

Prepare Literature
Review Deliverable

Preliminary Results

Prepare RP-II
Deliverable

Prepare RD
Deliverable

Prepare RP-I
Deliverable

Updated research
plan

Methodology chapter

Model creation

Implementation

Learn the chosen
technique

Preliminary V&V

Documentation

Upload thesis, data 
(2 weeks to graduation)

Plagiarism report
(2 weeks upfront)

MyCase 
(4 weeks to graduation)

Short presentation

Model creation

Implementation

Documentation

Final Results

Final V&V

Documentation

Documentation

Draft Thesis 
(2 weeks upfront)

Create final
presentation

Final changes thesis

Final plagiarism
check

Graduation room &
jury

Research Proposal/
Plan

Literature Review

Select a battery type

Data gathering

Data pre-processing

Selecting a method

Figure 2.3: Project work breakdown structure



3
Research Questions

In the previous chapter, various topics such as battery SOH estimation methods and uncertainty quantification in deep

learning where introduced. We observed that both machine and deep learning are attractive and applicable within

the domain, with numerous researchers developing increasingly sophisticated techniques. However comparatively

little effort and analysis has been performed in assessing the uncertainty of these deep learning models. This is

an increasing important topic, especially when considering lithium-ion batteries as a potential sole power supply

for aircraft. Previous research has mostly focussed on either developing deterministic point prediction models and

visualising uncertainty through the use of classical machine learning. More recently a few research papers, although

limited, have investigated the topic from a deep learning point of view through the development of novel estimation

methods. However limited assessment of the achieved uncertainty was performed. Within this research we therefore

aim to integrate existing SOH estimation techniques, with novel uncertainty estimation methods. Followed by a

rigorous assessment of the produce of the produced uncertainty using the deep learning model.

The main research objective and research question can therefore be stated as follows:

The research objective is to better understand the lower bound of battery state of health estimations.

Research Objective

How can the uncertainty of lithium ion battery state of health be accurately predicted through the applica-

tion of deep learning methods?

Research Question

In addition to the above mentioned research question, the following sub questions were constructed.

1. How effective is a convolutional neural network (CNN) in predicting the capacity of a lithium-ion battery, in

varying ambient conditions?

2. How can the accuracy of uncertainty predictions, made through the use of a CNN and expectile regression be

evaluated?

3. How representative and accurate are the lower bound prediction interval of the predicted SOH, made through

the use of a CNN and expectile regression?

4. How do the uncertainty predictions compare to other standard uncertainty quantification methods?

31
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Estimating Aleatoric and Epistemic Uncertainty of the Battery
State of Health Using Simultaneous Quantile Regression and

Orthonormal Certificates

J.S. Bogaert
Aerospace Engineering, Technical University of Delft

Battery state of health (SOH) estimation is one of the three main analytical tasks of a battery
management system (BMS), when viewed from engineering maintenance and prognostics
perspective. With the current global effort towards more suitable and greener processes,
lithium-ion batteries have shown to be an important element in facilitating this transition.
One industry where this can be noticed in particular is the transportation sector, where a
strong shift towards battery electric vehicles (BEV) can be observed. Within the aviation sector,
current research efforts include electrical flight. However, numerous challenges remain, that
are typically observable within a safety critical domain such as aerospace. One these challenges
includes the determination of uncertainty in battery SOH prediction. This would provide
improved transparency on the capabilities and limitation of a model, when used as part of a
battery system. Within this report we propose the use of a bidirectional gated recurrent unit
(Bi-GRU) with learnable soft attention, to predict battery SOH based on charge measurements.
Uncertainty analysis is enabled through the use of simultaneous quantile regression (SQR) and
orthonormal certificate (OC), to be able to highlight and distinguish the aleatoric and epistemic
uncertainty of the proposed model. We afterwards evaluate the model for point prediction
accuracy using standard metrics, and evaluate the produced uncertainty using specialised test
cases and calibration metrics. We achieved strong results using the proposed framework on a
2-phase fast charging dataset published by Toyota.

Nomenclature

𝑎 = Attention Weight 𝑥 = Predictor
𝑏 = Learnable Biases 𝑦 = Target
𝑐 = Confidence Level 𝑦̂ = Prediction
𝑐 = Observed Confidence 𝑦̄ = Mean of the Target
𝐶 = Capacity 𝛼 = Quantile
𝑒𝑢 = Epistemic Uncertainty 𝛽 = Momentum
ℎ = Hidden State 𝛿 = Binary Indicator
ℎ𝑐 = Context Vector 𝜖 = Error
𝐼 = Current 𝜃 = Model Parameters
𝑙𝑟 = Learning Rate 𝜆 = Regularization Factor
𝑁 = #Points 𝜇 = Mean
𝑡 = Time 𝜎 = Standard Deviation
𝑇 = Temperature
𝑉 = Voltage D = Dataset
𝑤 = Weight L = Loss Function
𝑊 = Learnable Weights U = Uniform Distribution
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I. Introduction

Batteries are a crucial part of the current global effort to transition towards more sustainable processes and methods.
Across numerous industries strong efforts can be noticed. Within the energy industry itself strong growth in both

solar and wind capacity is observable [1]. While in the transport sector a push towards battery electric vehicles (BEV)
is noticeable [2]. Within aviation a similar transition would be desired, however numerous challenges remain. Which
include, various research and development related topics, and also include operation and business related questions,
such as the implications of running an electrified fleet. If we focus on battery development, one of these challenges
includes the development of uncertainty aware battery management systems (BMS) [3, 4]. From the battery prognostics
side generally there are three main analytical estimation problems: estimation of state of charge (SOC), state of health
(SOH), and remaining useful life (RUL). SOC is focussed around determining the amount of charge or capacity currently
in the battery, while SOH is a measure for the total usable capacity in fully charged state (taking into account battery
degradation). Lastly RUL describes the amount of time or cycles the battery can still undergo before end of life (EOL).
The latter is also often defined as the time until the SOH drops below 80% (20% degradation) with respect to "original"
battery [5–7]. In this report the focus will be put on developing an uncertainty aware battery SOH estimation method.

Battery SOH is a property, which in itself cannot be measured directly. Secondly, it is a property which varies with
respect to time and operational environment, irregardless of whether or not the battery is being actively used. Leading
causes for this degradation are related to the complex and dynamic behaviour of the "solid electrolyte interphase"
(SEI) film [8–10]. As a results battery SOH estimation has been an active domain of research, where researchers have
developed numerous different approaches to infer the capacity through highly specialised approaches. The general
consensus among both reviewers and researcher, is that techniques can be divided into two general groups: experimental
approaches and model based techniques [5, 6]. Experimental methods, include techniques such as incremental capacity
analysis (ICA) [11], counting methods, and electro impedance spectroscopy (EIS) [12]. The key downside of these
methods is that they often are not applicable during operation [5], additionally as observed within the respective papers,
they rely either on specific (operating) conditions or highly specialised tools.

Model based approaches aim to solve the issue posed by experimental techniques, by offering an approach more
applicable to a wide range of settings. As the name suggests, here a certain parameter (SOH or SOC) is inferred through
the creation and tuning of "sophisticated" models. Two popular technique in this group are equivalent circuit models
(ECM) and electrochemical models (EM), which both aim to mimic the internal characteristics and processes within a
battery [5]. Alternatively, there are rapid advancements and numerous successful application of machine and deep
learning (ML, DL) [13] in many different fields, ranging from engineering maintenance [14] to medicine [15]. It is
therefore not surprising that the technique is also being heavily researched and applied within all three of the previously
mentioned battery prognostics tasks (SOC, SOH, and RUL estimation).

Present work in battery SOH estimation, through the use of ML and DL, has to a large extent focussed on investigating
the applicability of hand-crafted features or automatic feature extraction methods, for determining the battery SOH.
From the ML perspective, researchers in [16] presented a relevance vector machine (RVM), achieving competitive
results using 5 hand-crafted features, composed from sensor measurements taken during charging. Similarly [17]
presented 4 different ML models, relying on a set of 30 features, to infer battery SOH. Although not strictly a downside,
ML architectures require careful section of features, which are often complex to create, and may not translate well to
other datasets. DL aims to solve this issue by letting the model "learn" which elements are important when making a
prediction [13]. Researchers in [18], explored this exact topic. By presenting a convolutional neural network (CNN),
relying solely on charge sensor data as input, to predict the battery SOH. Similarly in [19], a method combining a CNN,
and a long short term memory (LSTM) model was presented. While in [20] a gated recurrent unit (GRU) was used
instead of the LSTM. In all three reports highly accurate predictive performance was achieved. One key aspect, which is
comparatively researched to a lesser extent, is the uncertainty related to the models themselves. Uncertainty is a topic of
paramount importance, and this importance further increases when dealing with mission critical components [4, 14, 21].
Because failure of the system, or incorrect estimation of its capabilities, could have detrimental effect on safety, and thus
forms a big risk. If we consider the potential application of batteries, as a primary source of energy for electric aircraft,
this further suggests the need for well calibrated and accurate uncertainty estimation. Here well calibrated and accurate
is described as the ability of the model, to provided uncertainty estimates which accurately represent the uncertainty
observed within the data.
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Although limited, some current work has investigated this topic of uncertainty. Within [22] a ResNet was proposed,
for battery SOH estimation using the quantile Huber loss function. While researchers in [19], proposed a probabilistic
output layer, together with a CNN, and LSTM model. Both examples employed an automatic feature extraction
procedure, and where able to successfully predict uncertainty. The authors however performed limited assessment of the
uncertainty and broad uncertainty was obtained. Referring back to [17], four high quality machine learning models
where created, and afterwards assessed, for their point and uncertainty predictions. The authors developed three ML
based models, namely: random forest (RF), guassian process regression (GPR), and Bayesian ridge regression (BRR).
Furthermore a deep ensemble using a multi layer perceptron was proposed on the deep learning side. All of the above
methods relied on features which were engineered based on the constant current, constant voltage (CC-CV) part of
the charging curve. After rigorous evaluation op the models, using alpha-accuracy and calibration curves, promising
results where achieved on four diverse datasets, using the deep ensemble method. The paper forms a strong baseline,
and further motivated our research of using deep learning for battery SOH estimation.

With this paper we therefore aim to combine previous work, in the domain of battery SOH estimation and uncertainty
modelling, with deep learning. By proposing a framework capable of predicting the uncertainty with battery SOH
prediction, relying purely on charge data. In this manner the capabilities of a system can de derived before its mission is
performed. The contributions of this report can be summarised as follows:

1) We present a deep learning model capable of performing automatic feature extraction on varying length time
series. Afterwards as output the model provides both point prediction and uncertainty estimates for the SOH of
lithium ion batteries during discharge.

2) We evaluate the created model both for aleatoric and epistemic uncertainty, relying purely on sensor measurements
taken during charging. We explore the effectiveness of the model, on a fast charging dataset published by Toyota.

3) We perform a thorough evaluation of the produced uncertainty estimates, through metrics commonly used in the
field of prognostics and maintenance.

The remaining section of this report are divided as follows. First in section II the used methodology is described.
Here four key elements are treated: data prepossessing, models, uncertainty estimation and lastly model evaluation.
Afterwards in section III, based on the methods highlighted a case study is performed, relating to battery state of health.
The report is finalised with the conclusion and recommendations in section IV.

II. Methodology

In the following section, the methodology utilised to obtain the results highlighted in section III is presented. First in
subsection II.A a generic set of pre-processing methods is described, required for the model described in subsection II.B.
Afterwards in subsection II.C the main method to quantify uncertainty will be summarized. Lastly this section is
concluded with methods to asses the accuracy of a given model in subsection II.D.

A. Problem Statement and Data Preprocessing

During the charging process of any battery, typically the following three parameters are measured both during charge,
and discharge: Voltage (V), Current (I) and temperature (T). The manner in which these parameters vary depends on
the charging procedure, environment, and the batteries system dynamics. Essentially the battery can be considered a
system, with complex internal dynamics. The goal in this study, is to use these sensor measurement collected during
the charge procedure, to then make an informed prediction on the usable capacity (C) measured during discharge in
a battery. Formally this task can be written as: 𝐶Discharge = 𝑓 ({𝐼, 𝑉, 𝑇}Charge). If we now take a step back, from an
operation point of view, this would provide the operator of a battery electric vehicle (BEV), with information regarding
the capabilities (range), or status (age) of the BEV, before the BEV performs its mission.

Traditionally the most common approach to charging batteries, was through the use of the constant current, constant
voltage charge procedure (CC-CV) [23]. Here charging is initiated at a fixed current, until the voltage reaches a set
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threshold. Upon reaching this threshold, this current gradually decreases, such that a constant voltage is maintained
and overcharging is avoided [3]. More recently there has been great interest into fast charging [24], which deviates
slightly from this procedure. Within section III, reference charge cycles are provided for both charging protocols, in
their respective subsection. However, regardless of the approach being used, these charge cycles are inherently different
in length and characteristics. Therefore, this data should first be interpreted, converted, and standardised such that it can
be used as part of a DL pipeline.

To conserve temporal information we found that sampling the original sensor measurements to a variable length
(𝑡) using a fixed sample rate (Δ𝑡), was preferred over sampling to a fixed length (using a variable sample rate). We
then proceed to use nearest neighbour interpolation, to obtain a discrete representation of the time series. For efficient
learning purpose, and to ensure the model focuses on patterns, rather than specific values, the data (denoted as x) is
normalized to [−1, 1]. This is done for each charge cycle and measurement type independently using:

2
𝑥 − min(𝑥)

max(𝑥) − min(𝑥) − 1. (1)

Finally for each cycle in the dataset (D) the following sample (feature, label pair) is obtained:

Features (𝑥𝑖):

[
𝐼1 𝐼2 . . . 𝐼𝑡−1 𝐼𝑡

𝑉1 𝑉2 . . . 𝑉𝑡−1 𝑉𝑡

]
∈ R2×𝑡 , Labels (𝑦𝑖):

[
𝐶

]
∈ R, Where (𝑥𝑖 , 𝑦𝑖) ∈ D .

1. Remarks on mini-batch creation using variable length input features.

The previously described sampling strategy samples an arbitrary length signal, into a variable length vector. Although
this technique results in an accurate, and unbiased sampling of the original signal, it does have as downside that samples
will vary in sequence length (𝑡 ≠ constant, ∀𝑥𝑖 ∈ D). This design choice has two main implications; (1) many DL
architectures are created with assumptions that inputs are roughly similarly in dimension, and secondly (2) mini-batches
during optimization, with for example SGD or Adam, require constant length sequences within each mini-batch [25].
(1) is easy solved with specialised model architectures and is treated in more detail in subsection II.B, while (2) can be
solved through zero padding across each mini-batch. For the latter it is however critical that these zero elements are
considered as padding and thus properly masked, to avoid that the model learns from these terms.

B. Baseline Models for State of Health Predictions

Above in subsection II.A, it became evident that we are dealing with a popular "many-to-one" or multivariate
regression problem. To the best of our knowledge, when dealing with varying length time series in deep learning,
you generally have two well researched base architectures. Namely recurrent neural networks (RNN) and temporal
convolution networks (TCN) [26, 27]. Historically RNNs are the more "well-known" option, with ample resources
being available. They are able to process time series, by effectively passing information back to themselves and thus
created a form time awareness or memory [28]. Two popular developments of the RNN are, the long short term memory
(LSTM) [29] and the gated recurrent unit (GRU) [30]. Both were created to simulate a better form of memory and limit
issues such at the vanishing and exploding gradient problem [28].

As a starting point of the network we therefore make use of the GRU proposed by Cho et al. [30], which can be seen
in Figure 1. The illustration of the GRU can be observed both as part of a sequence and by itself, to highlight the working
principle. The reason we opt in favour of the GRU over the LSTM, is primarily due to it more lightweight construction.
When data is not abundant, over-fitting may pose a significant concern and a reduction in model parameters can combat
this. The remaining part of this subsection aims to introduce the mathematical concepts, required for the construction of
the baseline model, which will be than modified in subsection II.C to model uncertainty.
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Fig. 1 Illustration of the internal cell architecture of a gated recurrent unit (GRU) and the integration into a
sequence, inspired by an illustration from [31].

The GRU which is described here, is the formulation than can be retrieved from PyTorch [25] and can be visually
observed in Figure 1. First the input data denoted by 𝑥𝑡 , is provided to GRU in a sequential manner. The GRU itself is
governed by 4 main equations, first based on the input (𝑥𝑡 ) and previous hidden state (ℎ𝑡−1), 𝑟𝑡 and 𝑧𝑡 can be computed:

𝑟𝑡 = Sigmoid (𝑊𝑥𝑟𝑥𝑡 + 𝑏𝑥𝑟 +𝑊ℎ𝑟 ℎ𝑡−1 + 𝑏ℎ𝑟 ) , (2)

𝑢𝑡 = Sigmoid (𝑊𝑥𝑢𝑥𝑡 + 𝑏𝑥𝑢 +𝑊ℎ𝑢ℎ𝑡−1 + 𝑏ℎ𝑢) . (3)

As described in [28, 30], 𝑟𝑡 is the "reset equation", while 𝑢𝑡 is the "update equation". Both components control
the flow of information within and thus between cells. Lastly the output or next hidden state is computed using the
following two equations:

𝑛𝑡 = Tanh (𝑊𝑥𝑛𝑥𝑡 + 𝑏𝑥𝑛 + 𝑟𝑡 ⊙ (𝑊ℎ𝑛ℎ𝑡−1 + 𝑏ℎ𝑛)) , (4)

ℎ𝑡 = (1 − 𝑢𝑡 ) ⊙ 𝑛𝑡 + 𝑢𝑡 ⊙ ℎ𝑡−1. (5)

Here 𝑥𝑡 is the input at a time step 𝑡,𝑊 ∈ Rℎ
′×2 and 𝑏 ∈ Rℎ

′ are respective learnable weights and biases, ⊙ refers to
the element wise matrix multiplication, finally ℎ𝑡 refers to the hidden state or output of the GRU, at time step 𝑡 and
ℎ′ refers to the size of the hidden state. The subscripts for both weights (𝑊) and biases (𝑏), aligns with the general
convention, where the first symbol aligns with the origin and the latter refers to the variable to which the new data
is assigned. Practically this means that𝑊𝑥𝑟 , is the weight matrix which is linked to the operation from x to r. The 4
equations described above, govern the information flow from the input 𝑥𝑡 , to the output ℎ𝑡 , which than on its turn is used
as in input hidden state for the next time step, in combination with the next time step. To conclude the GRU thus takes
as input as time series: {𝑥 (1) , ..., 𝑥 (𝑡 ) } and provides a series of hidden states as output: {ℎ (1) , ..., ℎ (𝑡 ) }.

Although good accuracy can be achieved using the last hidden state (ℎ (𝑡 ) ) of the GRU component, using a
(multilayered bi-direction) GRU, they may often get stuck in a sub optimal, local optimum. As expressed in [28]
although GRU and LSTM have been a great improvement for sequence modelling in comparison to normal a RNN,
due to the additional paths. They may still struggle to learn complex and long patterns. Adding a learnable attention
mechanism (or "explicit memory" as referred to in [28]) seemed to greatly alleviate this issue for our case, on top
of also providing an additional form of interpretability. We make use of a soft-attention mechanisms described in
[32, 33] originally proposed by [34]. For the explanation below we therefore also make use of the same notation of
those papers. The attention mechanisms described in these papers, has also successfully been applied for battery SOH
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and RUL estimation using health indicators in [35]. The general architecture presented in that paper, greatly inspired the
architecture which we present here. The soft attention mechanism works as follows. First the hidden state of each time
step, is used to compute (alignment) scores at each time step;

Score (ℎ (𝑖) ) = 𝑣𝑇Tanh
(
𝑊ℎ (𝑖) + 𝑏

)
, ∀𝑖 ∈ {1, ..., 𝑡}. (6)

Here 𝑣 ∈ Rℎ
′ is a learnable vector, 𝑊 ∈ Rℎ

′×ℎ′ and 𝑏 ∈ Rℎ
′ are learnable weights and biases, and ℎ (𝑖) ∈

{ℎ (1) , ..., ℎ (𝑡 ) } ∈ Rℎ
′×𝑡 represents the hidden state. We refer to the size of a hidden state at any time step (ℎ (𝑖) ), as ℎ′.

Next a weight for each time step, denoted as 𝑎𝑖 (not to be confused with 𝛼 which represent a conditional quantile), can
be computed by taking the softmax of the alignment scores over the time dimension;

𝑎𝑖 = Softmax
(
𝑆𝑐𝑜𝑟𝑒(ℎ (𝑖) )

)
=

𝑒𝑆𝑐𝑜𝑟𝑒 (ℎ
(𝑖) )∑𝑡

𝑗=1 𝑒
𝑆𝑐𝑜𝑟𝑒 (ℎ ( 𝑗) )

, ∀𝑖 ∈ {1, ..., 𝑡}. (7)

Resulting in a set of t weights, one for each time step, between 0 and 1, of which the sum is 1. These weights reflect
the importance of a given hidden state vector, with respect to the other hidden states. Lastly the output, often described
as the context ℎ𝑐, can be computed by the weighted sum of each hidden state, using the respective weight (𝑎𝑖);

ℎ𝑐 =

𝑡∑︁
𝑖=1

𝑎𝑖ℎ
(𝑖) . (8)

The context which is obtained, is of equal size to the original dimension of a hidden state (ℎ𝑐 ∈ Rℎ
′ ). However, in

comparison to purely making use of the last hidden state, now a context is learned, which represents valuable information
based on all hidden states. This vector can then be fed into a predictor with a non linear activation function (e.g. ReLu)
when multiple layers are used, to obtain a prediction of the SOH. In literature this method of processing a (time) series
into a fixed length vector, is often referred to as an "encoder". To conclude, intuitively soft attention thus provides the
network with the ability to determine which hidden states may be important, to make a prediction. The full model can
be found in Figure 6 at the beginning of section III.

C. Estimation of Uncertainty

Generally in the field of machine learning the two most employed types of uncertainty are aleatoric and epistemic
uncertainty. Epistemic uncertainty, also frequently referred to as reducible uncertainty, is a type of error which can be
attributed to the lack of knowledge about the data, model selection, and data quality. While on the other hand aleatoric
uncertainty, also defined as irreducible error, arises from the principle that the problem is an approximation problem
and there thus is intrinsic unpredictable uncertainty or noise engrained in the data [14, 36–39]. An easy manner to
highlight both aspect was presented in James et al. [36], below the derivation is presented.

Given a random function f, the following relation holds: 𝑦 = 𝑓 (𝑥) + 𝜖 , where 𝑦 is the target variable, 𝑥 the predictor,
and 𝜖 is a noise or error component engrained in the data. The function is estimated by means of function g: 𝑦̂ = 𝑔(𝑥),
where 𝑦̂ demotes the prediction. Now as highlighted in [36], the mean square error between the target and prediction
can be evaluated. Note that independence between 𝜖 and 𝑓 (𝑥) − 𝑔(𝑥) is assumed and the expected value of 𝜖 is assumed
to be 0.
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E
[
(𝑦 − 𝑦̂)2] = E

[
( 𝑓 (𝑥) + 𝜖 − 𝑔(𝑥))2]

= E
[
( 𝑓 (𝑥) − 𝑔(𝑥))2] − 2E [𝜖 ( 𝑓 (𝑥) − 𝑔(𝑥))] + E

[
𝜖2]

= E
[
( 𝑓 (𝑥) − 𝑔(𝑥))2] + 𝑣𝑎𝑟 (𝜖) + (E [𝜖])2

= E
[
( 𝑓 (𝑥) − 𝑔(𝑥))2]︸                  ︷︷                  ︸

Epistemic

+ 𝑣𝑎𝑟 (𝜖)︸ ︷︷ ︸
Aleatoric

In a more practical setting, for the case of illustration, consider a generic fictitious lithium-ion battery, with an EOL
(training threshold in Figure 2) of roughly 1500 cycles. We would now like to develop a model which is able to estimate
the uncertainty in the capacity of said battery and we have ample training data available in said region (before EOL) to
train a good model. The results of the model can be observed in Figure 2.

Aleatoric Uncertainty Epistemic Uncertainty

Fig. 2 An example of ideal uncertainty predictions for a generic fictitious lithium-ion battery.

For the first cycles up to EOL, a very thin region of uncertainty can be observed, around the prediction. Due to the
large availability of data the model is able to make near prefect prediction in this region, however due to noise, their is
still some uncertainty involved. This type of uncertainty is referred to as the previously mentioned aleatoric uncertainty.
At EOL the most logical decision would be to retire said battery, in favour of a new battery, in the case we chose to
operate it further. After EOL no training data was available to the model, therefore it would not be logical to assume
that the model should generalise to said region. Within the figure, this is observed by the sharp growth in uncertainty,
the further away the predictions are from the training distribution. In this region the model itself, is no longer a good
approximation for the underlying degradation behaviour and predictions may greatly vary in accuracy. This second type
of uncertainty is defined as defined as the epistemic uncertainty.

Often in literature numerous different approaches have been suggested to be able to get estimates for either the
aleatoric, epistemic uncertainty or a combination of both. Here the methods differ on the basis of the assumptions being
made and the overall complexity of the method. To be able to analyse the uncertainty in a batteries SOH we make use of
divided approach, initially proposed by the researchers in Tagasovska and Lopez-Paz [37], where aleatoric and epistemic
uncertainty are evaluated separate from each other, by means of Figure 3. The evaluation of the two uncertainty types
in a separate manner, is achieved by first training a deep neural network, using a specialised loss function, to predict
aleatoric uncertainty. The model weights and biases which are obtained are "frozen" and the intermediate output features
of said network are used to train a more simple neural network, to estimate epistemic uncertainty.
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Fig. 3 On the left a simple feed-forward neural network used to predict the conditional quantiles of a dataset
(Aleatoric uncertainty). On the right the network is observed in combination with the orthonormal certificates
used for epistemic uncertainty predictions.

The reason we decide in favour of evaluating the uncertainty in a combined manner is based on the following
reasoning. Firstly, as suggested by the authors in [37], both type of uncertainty aim to measure different things.
Therefore a model which is specifically developed to identify both uncertainties separately, may be beneficial. From
a user point of view it can be of valuable information to learn which type of uncertainty is prevalent. Additionally,
although attractive methods such as: Monte Carlo dropout (MCD) [40, 41], evidential learning [42], ensemble methods
(mean variance estimation (MVE) based [43] and interval based [44]), and Bayesian neural (BNN) networks exist (note:
list is not exhaustive), they each come with their own unique set of shortcomings. For example a BNN is expensive,
mathematically complex, and difficult to train. MVE behaves poorly to out of domain results, while ensemble methods
and MCD can be inconvenient and expensive since they require multiple evaluations, either during training or inference
[14, 45]. To our best belief and observations made in [14] all methods except MCD indirectly allow for individual
analysis of both uncertainties. On the other hand, the 2-part method proposed in [37] comes with the big benefit that no
assumptions are made on the distribution of the uncertainty, thus making it applicable to a wide variety of problems
without the need to make distribution assumptions. To conclude, in general the uncertainty method may be considered
a design choice, which can be chosen based on the area of application. Therefore if resources permit it, it could be
valuable to explore various methods. Interested readers may find [14, 38, 39, 45] helpful during the search for an
applicable technique.

1. Estimation of aleatoric uncertainty

At the base of the theory presented in [37] to estimate the conditional quantiles through the use of neural networks
lies quantile regression. Quantile regression was initially proposed by [46], where through the use of an adapted L1
loss term, a regression could be performed around alternate locations (quantiles) in a dataset. Intuitively, a quantile
can be interpreted as the amount of data, expressed as a percentage, that is below said value. For example the 𝛼 = 0.5
quantile ("mean"), is the location in the dataset, at which 50% of the data is smaller than the value indicated by the
described quantile. We refer to both the original paper [46] and a more recent paper by the author [47] for the theoretical
background of the method. In general terms however the method is concerned with solving [48],

L (𝑦, 𝑦̂𝛼 ∼ 𝑔(𝑥, 𝛼)) =
𝑁∑︁
𝑖=1

𝑤𝑖,𝛼 |𝑦𝑖 − 𝑦̂𝑖,𝛼 |, where: 𝑤𝑖,𝛼 =

{
1 − 𝛼 𝑦𝑖 − 𝑦̂𝑖,𝛼 < 0
𝛼 𝑦𝑖 − 𝑦̂𝑖,𝛼 ≥ 0

. (9)

Equation 9 Is often referred to as the "quantile" or "pinball loss function". Here 𝛼 is the desired quantile between 0
and 1 and is considered an additional input feature to the model. Furthermore, 𝑦 is the target, 𝑦̂ the prediction, 𝑤 is a
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weight depending on the residual and 𝑁 the total number of data points. Similarly to traditional loss function such as the
MSE (mean square error) or MAE (mean average error), the loss function aims to minimise the different between the
truth and a models prediction. Contrary to them, it is able to provide aleatoric uncertainty estimates by providing a
weight (𝛼 or 1 − 𝛼) based on if the residual is positive or negative. Thus effectively balancing the residuals around zero,
where the frequency of occurrence is based on the desired quantile.

One issue when solving Equation 9, is a phenomena referred to as "quantile crossing". This is a situation in which
the predicted quantiles are not monotone, meaning that for example the mean (𝛼 = 0.5) is located below the 𝛼 = 0.3
quantile [37, 48]. Numerically considering an example for battery capacity, this would indicate the mean capacity is
1.5Ah while the 𝛼 = 0.3 quantile is 1.7Ah (which is invalid). In attempt to solve this issue, numerous different novel
approaches have been developed. For reference we briefly mention some approaches here. Within [48] a solution was
proposed where first the expectiles of a distribution where derived using the L2 loss, and afterwards converted to more
accurate quantiles. Alternatively [49] published a sequence of research papers into the topic of quantile regression
using neural networks. Here both the Huber loss function was implemented over a discrete set of constant quantiles and
additional constraints were implemented to avoid quantile crossing [49].

The approach which will be used in this study is referred to as simultaneous quantile regression (SQR) and was
developed in [37]. Instead of solving Equation 9 independently for each desired quantile, the authors proposed to solve
the same equation in a simultaneous manner using Equation 10. Here the quantile (𝛼) is sampled from the uniform
distribution U [0, 1]. As a results the loss is performed over a variety of quantiles simultaneously within a mini-batch;

𝑔∗ = arg min
𝑔

[
1
𝑁

𝑁∑︁
𝑖=1

𝑤𝑖,𝛼 |𝑦𝑖 − 𝑦̂𝑖,𝛼 |
]
, where: 𝑤𝑖,𝛼 =

{
1 − 𝛼𝑖 𝑦𝑖 − 𝑦̂𝑖,𝛼 < 0
𝛼𝑖 𝑦𝑖 − 𝑦̂𝑖,𝛼 ≥ 0

, 𝛼𝑖 ∼ U [0, 1] . (10)

It is important to restate here that 𝑦̂𝑖,𝛼 ∼ 𝑔 (𝑥𝑖 , 𝛼; 𝜃) where 𝜃 are the model parameters. N refers to the total amount
of data points in the training sets. 𝑦 is the target, 𝑦̂ the prediction, and 𝛼 is a quantile, which is sampled from a uniform
distribution between 0 and 1 for each training point. By optimising with respect to the equation above, the trained
network (represented as g*) will then be able to produce estimates for the requested conditional quantiles. The key
benefit of this approach is that except for requiring an additional input, namely the desired quantile level, no further
adjustments to general methods are required. They can be trained using the standard back propagation algorithm [13]
and can afterwards produce a results for the desired quantile during inference.

2. Estimation of epistemic uncertainty

Equally important to the aleatoric uncertainty, epistemic uncertainty as previously described is mainly concerned
with the uncertainty of the model. Epistemic uncertainty is a vital uncertainty component when dealing with neural
networks, because it provides an indication about what the model knows and what it does not know. By looking for
example purely at aleatoric uncertainty, one could falsely assume a models output to be reliable and good. However in
reality when testing or deploying a model, it is evaluated on a dataset different from the one encountered during training.
In this case it may falsely provide low uncertainty for a prediction or estimate based on what it encountered during
training [37].

To be able to quantify epistemic uncertainty, orthonormal certificates (OC) are utilised. They were presented in the
same research paper, in which SQR was presented, therefore the theory is again presented according to [37]. OCs can
be considered a trainable and afterwards independently usable add-on layer to neural networks, which are capable of
presenting if the main model has or has not learned about the data, during inference. The concept of has and has not
learned, is accompanied by a low numeric value given low epistemic uncertainty (has learned) and a high value given
high epistemic uncertainty (has not learned).

To be able make use of OCs, first it is assumed that a (deep) neural network has been fully trained and evaluated. If
satisfactory performance has been obtained from an aleatoric point of view, the next step is to then fix or "freeze" all
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weight and bias values of the model. To now evaluate for epistemic uncertainty, first the optimal model parameters
(𝜃) of 𝑔∗ are fixed or frozen. Next the last linear layer and activation function of the said model are discarded, and a
learnable OC layer is added. OCs themselves are a weight matrix or single linear layer (without activation function and
bias), where the input is of equal size to the penultimate layer of the main model (temporarily denoted as 𝑛). The output
layer size is a tunable hyper-parameter (temporarily denoted as 𝑚). Again for a visualise interpretation we refer back to
Figure 3, where both the extracted features and the certificates can be seen. The weights of the OC are learned through
the minimization of the following equation, over the training set;

𝑊∗
𝑂𝐶 = arg min

𝑊𝑂𝐶

[
1
𝑁

𝑁∑︁
𝑖=1

L
𝛼∼U[0,1]

(
0,𝑊𝑂𝐶𝑔∗𝑜𝑐 (𝑥𝑖 , 𝛼; 𝜃)

)
+ 𝜆



𝑊𝑂𝐶𝑊𝑇
𝑂𝐶 − 𝐼



2
1

]
, where: 𝑥𝑖 ∈ 𝑥train. (11)

Here L is the quantile loss function described in Equation 9. The subscript highlights that the 𝛼 quantile is sampled
from a uniform distribution between 0 and 1, for each point. Lastly a penality is added based on the norm of the the
weights of the OC multiplied by a factor 𝜆, here 𝐼 refers to the identity matrix. The addition of this term helps during
optimisation, making it easier for the model to achieve a minima. Using this loss function and gradient descent, the OCs
(𝑊𝑂𝐶 ∈ R𝑚×𝑛) will learn appropriate "weights" such that the learned feature space results in a zero value, while during
inference adversarial samples are provided a non-zero value. For simplicity we refer to everything expect the last layer
of the main model 𝑔 as 𝑔𝑜𝑐. Formally the relation between 𝑔 and 𝑔𝑜𝑐 is thus defined as a "linear" or "fully connected"
layer with ReLU activation function:

𝑦̂ = 𝑔 (𝑥) = 𝑚𝑎𝑥{0,𝑊𝑔𝑜𝑐 (𝑥) + 𝑏}.

Note that this should not be confused with a potential feature extractor before the quantile input and regression layer.
The OCs are referred to as𝑊𝑂𝐶 , highlighting that they in essence are learnable weight matrices. Now the epistemic
uncertainty (𝑒𝑢) can be computed by taking the mean across the output or certificate size (𝑚), for any given point (𝑥𝑖) in
the dataset (D);

𝑒𝑢 (𝑥𝑖) =
1
𝑚

𝑚∑︁
𝑗=1

[ (
𝑊∗
𝑂𝐶𝑔

∗
𝑜𝑐 (𝑥𝑖 , 0.5; 𝜃)

)2
]
, where: 𝑥𝑖 ∈ D,𝑊𝑂𝐶 ∈ R𝑚×𝑛. (12)

Through the use of Equation 12 an epistemic uncertainty estimate can be obtained for any point. However now the
follow question remains: "how should the value provided by Equation 12 be interpreted?". Conceptually the general
idea has been provided previously, anything close to zero is labelled as in distribution. While anything significantly
deviating from a zero value is labelled as out-of-distribution (OOD). First as described in [37] the training distribution is
logically assumed as (near) in-distribution. Then afterwards the threshold between in-distribution and out-of-distribution
is defined as 95th percentile of the epistemic uncertainty across the training set. If we now compute the epistemic
uncertainty for a sample in the validation or test using Equation 12, we can now fully define if this points is defined
in-distribution or out-of-distribution. In Appendix A we provide more information regarding the difficulty of selecting a
feasible and accurate threshold.

Again Figure 3 presents an illustration of a model architecture to estimate both aleatoric and epistemic uncertainty
using SQR and OCs. The case presented in the illustration is a simple multi layer perceptron, in the case studies
discussed in section III the more complex model described in subsection II.B will be utilised. Here features will be
extracted through the use of said model, which are then provided to the SQR an OC module. However the main theory
presented in this section remains consistent.

D. Assessing the Models Predictive Accuracy

Now using the model we constructed above, the next vital task is to asses the predictive performance and accuracy
of the model. The method we provided above is capable of delivering both point and uncertainty predictions, through
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the use of conditional quantiles. Therefore the assessment of model accuracy in this section will be twofold. First a
range of standard metrics, commonly used in the field of machine and deep learning will be highlighted. Afterwards we
provide a set of evaluation metrics which are used in the field of engineering prognostics and uncertainty quantification.
Especially the latter mentioned evaluation is critical because uncertainty quantification is not trivial and the quality of a
models’ uncertainty may vary greatly or generalise poorly.

1. Point prediction evaluation metrics

Assessment of model point prediction accuracy is the first crucial step to identify a models performance. Although
the previously used loss function is already a good indication regarding the difference between the prediction (𝑦̂) and
target (𝑦), numerous other metrics exist, which are able to better capture if the used model is an accurate estimator
for the target. We refer to the following general review paper, regarding various regression metrics for deep learning
[50]. Note that in the equations below N refers to the amount of sample points, over which the metric is evaluated.
Additionally all metrics with Table 1 excluding 𝑅2, have a percentage based counterpart.

Table 1 Metrics to evaluate the point prediction accuracy.

Metric Formula Metric Formula

RMSE
√︃

1
𝑁

∑𝑁
𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)2 MAE 1

𝑁

∑𝑁
𝑖=1 |𝑦𝑖 − 𝑦̂𝑖 |

MAX max (|𝑦𝑖 − 𝑦̂𝑖 |) ∀𝑖 ∈ {1, ..., 𝑁} 𝑅2 1 −
∑𝑁

𝑖=1 (𝑦𝑖− 𝑦̂𝑖 )2∑𝑁
𝑖=1 (𝑦𝑖− 𝑦̄)2

The interpretation of RMSE, MAX and MAE are straightforward, they simply evaluate the difference between
the prediction and target. The root mean square error (RMSE) evaluates larger differences more severely, while the
mean average error (MAE) provides equal importance, MAX simply relates to the maximum error observed in the
samples. Lastly 𝑅2 refers to the coefficient of determination (or "R-squared"), which describes how well the model is
able to describe the (variation of) target [36]. A value closer to 1 indicates that model is able to describe the variation of
the target, while 0 indicates that is the model is not capable of describing the variation of the target. Here the model
performance is similar to a model predicting the mean (𝑦̄) (note that a value below 0 indicates a "worse" relationship).

2. Uncertainty prediction evaluation metrics

Similarly to point predictive metrics, it is also possible to evaluate the predicted uncertainty. In literature this step
is often forgotten, however its importance should not be neglected (as previously described). Although the process
is slightly more lengthy in comparison, the uncertainty metrics provide great insight into the quality of the predicted
uncertainty of a given model. Below the most significant evaluation metrics are introduced, which were highlighted and
presented in [14, 51].

An efficient manner to investigate the accuracy of the uncertainty predictions is through the formation of a "calibration
curve" [14]. The goal of calibration curves is to asses the relation between the predicted uncertainty and empirical or
observable uncertainty in the data. Acknowledging this concept, the first criteria is to define a one dimensional grid of
K preferable equidistant 1 − 𝛼 confidence levels;

𝐶𝐾 = [𝑐1 = 0, 𝑐2, ..., 𝑐𝐾−1, 𝑐𝐾 = 1] .

Now using the deep neural network trained using SQR, the values coupled to the aforementioned levels can be readily
computed, using our optimised model g (remember: 𝑦̂𝑐𝑘 = 𝑔∗ (𝑥, 𝑐; 𝜃)). In more formal terms, the neural network
functions as a discrete inverse cumulative distribution function (cdf), 𝐹−1

𝑋
(𝑐𝑘) at each sample. Now given the safety

critical context, we are interested in assessing the quality of the lower bound predictions and thus the confidence interval
can be defined as:
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𝐶𝐼𝑐 =
[
𝐹−1
𝑋 (𝑐) , +∞

)
∀𝑐 ∈ 𝐶𝐾 . (13)

The above selected confidence interval depends on the research question, other research may benefit from a two-sided
or one-sided upper bound configuration. By now observing the fraction of targets, which fall within their respective
confidence interval, the observed confidence (𝑐) can be compared with reference confidence (𝑐):

𝑐 =
1
𝑁

𝑁∑︁
𝑖=1

𝛿 𝑦̂𝑖∈𝐶𝐼𝑐𝑖 ∀𝑐 ∈ 𝐶𝐾 . (14)

Here 𝛿𝑦𝑖∈𝐶𝐼𝑐𝑖 is a binary variable which is one when the ith prediction is part of the predicted confidence interval
(of level c) and zero when it is not part of the confidence interval. Additionally comparing the observed confidence
with the reference confidence, an additional pair of metrics can be constructed. The expected calibration error (ECE,
Equation 15) [14] relates to the residuals, while the reliability score (RS, Equation 16) [51] is computed on the basis of
the area formed between both functions.

𝐸𝐶𝐸 =
1
𝐾

𝐾∑︁
𝑖=1

|𝑐𝑖 − 𝑐𝑖 | (15)

𝑅𝑆 =

∫ 1

0
(𝑐 − 𝑐) 𝛿𝑐̂≥𝑐𝑑𝑐︸                  ︷︷                  ︸
𝑅𝑆Above

+
∫ 1

0
(𝑐 − 𝑐) 𝛿𝑐̂<𝑐𝑑𝑐︸                  ︷︷                  ︸
𝑅𝑆Below

(16)

Similarly to Equation 14, 𝛿 is a binary variable equal to one, when the condition in subscript is true and zero when
it is false. Therefore in Equation 16 the first term relates to the area above the ideal reference calibration, while the
second term relates to the area under below it. A visual description of the calibration curve, in combination with the key
components of ECE and RS is provided in Figure 4.
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Fig. 4 Calibration curve in combination with the residuals required for the computation of the expected
calibration error (ECE) and the areas for the reliability score (RS), expressed for a fictitious example.

In Figure 4, firstly the reference or ideal calibration curve can be observed. This line indicates the perfect condition
in which the predicted confidence level, equals the observed confidence observed in the dataset. Secondly the observed
calibration can be viewed, here the observed confidence is presented as a function of the reference confidence level. By
now comparing the observed calibration with the ideal calibration, it becomes possible to make comments on the quality

12



of the predicted uncertainty. In general terms anything above the reference is consider under-confidence, while anything
under the reference is interpreted as over-confidence. Ideally it would be desired that a model has ideal calibration,
indicating a perfect match between the empirically observed confidence and the confidence level. However in reality
this behaviour if often not achievable, in this case an under-confident model is preferred [14]. Lastly the residuals and
the area between both calibration curves can be observed, required for the ECE and RS respectively. The metrics may
be interpreted similar to other classic standard metrics, meaning a value closer to zero is preferred.

In the previous paragraph it was described that ideally perfect calibration is desired, however typically not feasible.
Therefore under-confident behaviour is preferred, meaning the observed calibration is above the ideal calibration. To
highlight the importance of under-confident behaviour, we present an example for fictitious batteries, at a certain cycle,
with a capacity sampled from N

(
1.6, 0.12) in Figure 5. To the left the three probability density functions can be

observed, the green line indicates the reference or neutral calibration. The blue dotted line simulates the distribution of
the data leading to under-confident model, while the red dashed line represents the underlying distribution of the data
leading to an over-confident model. To the right the calibration curves are depicted for each of the three distributions in
comparison to the original sampled function. Three distinct points are highlighted in support of the example case below.
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Fig. 5 Comparison of ideal, over and under-confident predictive uncertainty, applied to batteries with capacity
sampled from N

(
1.6, 0.12) .

Consider the case in which it would be desired to extract the 𝛼 = 0.3 quantile of a batteries capacity at a certain
cycle, using a certain set of input features and using the aforementioned distribution (indicated by the green line in
the figure). Through the Z-score, it can be determined that theoretically the battery should roughly have a capacity
of 1.55𝐴ℎ. Since we are interested in determining the effectiveness of the model in predicting the lower bound, we
construct the confidence interval as follows:

[
𝐹−1
𝑋

(0.3) , +∞
)
. Empirically it follows that this confidence interval should

contain 70% of the number of points. In a model with neutral or ideal calibration, a perfect alignment between the
observed confidence level and the (predicted) confidence level. If a model is found to exhibit over-confident behaviour
(red dashed line), by constructing Figure 4. This would indicate that the model makes a prediction, which has a
lower significance than expected. In practise this results in a lower bound prediction, which is higher than empirically
desired. For example as previously stated, the model may provide the user with a capacity value of 1.55𝐴ℎ for the
conditional 𝛼 = 0.3 quantile, thus indicating 30% of the true values fall below said value and 70% above. If we then
analyse the fraction of points which lay in the confidence interval using Equation 14. We may observe that interval
only contains 50% of the total number of points, which is less than the expected 70%. As a result the probability that
a value falls outside the interval indicated by the model, is higher than expected. It can readily be observed that this
behaviour is highly undesirable, since the user may falsely be mislead to assume that the significance of the lower bound
prediction of a battery its capacity, is higher than it actually is. Following the same procedure is can easily be argued that
under-confident behaviour is preferred due to the inverse property, where the probability of the predicted value is higher
than expected (indicated by blue dotted line in the figure). This conservative behaviour is opposite to an over-confident
model and is of course desirable from a planning and operations point of view. In both cases it can thus be concluded
that a discrepancy between the predicted and observed confidence exists. A particularly interesting phenomena is that
both behaviours are not mutually exclusive, a model can be over-confident in one region and under-confident in another.
This may occur when the data is more skewed or heavy tailed than the distribution predicted by the model.
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III. Results and Discussion

In the following section we introduce a case study, to evaluate the model using the metrics presented in the previous
sections. In subsection III.A we evaluate the model on a fast charging dataset published by Toyota. All datasets which
were attempted in this report where found through a comprehensive study on data performed in [23] are open-access
and thus freely accessible through their respective sources. A schematic representation of the model architecture which
is used is observable in Figure 6.

U [V]I [A]

tt

x1

x2

xt-1

xt ht

h2

h1

ht-1

Sensor Data Bi-GRU Attention Quantile Predictor

Context Vector

Fig. 6 Bidirectional gated recurrent unit, with quantile layer. Used to determine the battery SOH purely based
on sensor measurements, in the case study.

A. Case study I: Toyota dataset

The dataset which we will explore in this section, is the fast charging dataset published by the Toyota research
institute (TRI) [24] and is accessible through ∗[24]. Within this dataset researchers at TRI explored the influence of a
diverse set of 2-phase fast charging procedures, on a batteries health. First we provide some information regarding the
data itself, before moving to the results and discussion.

The dataset contains of 124, 1.1𝐴ℎ phosphate based lithium ion batteries (LFP), divided over three batches[23].
Here each battery was charged using a "semi-unique" fast charging protocol, while it was discharged using the more
traditional CC-CV protocol (see subsection II.A). We emphasises semi-unique since there is some overlap between
batteries and their charging procedure. The cycling itself was repeated until EOL in a controlled environment with a
temperature of 30◦[24]. within Figure 7 an illustration is provided of both the current and the voltage measured during
charging as function of the cycle count. These measurements will later function as the input to our model.

∗https://data.matr.io/1/projects/5c48dd2bc625d700019f3204
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Fig. 7 Fast charging procedure used as part of the Toyota research dataset (5𝑡ℎ battery of the 3𝑟𝑑 batch).

Two interesting observations can be made in Figure 7. Firstly we can observe a version of the fast charging protocol
which is being used. Here 2 "blocks" of primarily CC can be observed, where the magnitude is significantly higher than
the CC part of a traditional CC-CV procedure. This 2-part, CC procedure is used up-to roughly 80% SOC, afterwards
the regular CC-CV is used to fill the battery [24]. In this case the battery is first CC charged at 5.6𝐴, followed by a
period of 4.6𝐴, upon reaching 80% SOC the battery is fully charged using CC-CV with a maximum of 1𝐴. The main
idea of the fast charging protocol, is to as quickly as possible add current to the battery, while ensuring that the voltage
limit is not reached. The second observation which can be made in Figure 7 is that both in the current and voltage
measurements a clear variation and trend exist between cycles. Since the voltage and current are part of a regulated
coupled system, we focus on the current. Firstly we observe that, as the battery ages, the time to fully charge the battery
decreases. This can be explained by the reasoning that as the battery ages, its capacity decreases and thus the amount
of current required to fill it also decreases. Additionally it can also be observed that the CC-CV part, also decreases
in length. This again can be attributed to the batteries age and furthermore the voltage limit is being reached earlier
during charging, thus reducing the CC part of the CC-CV. A similar phenomena occurs during fast charging, where
the fast charging protocol is halted or interrupted due to the voltage threshold which is reached. The effect however
is more drastic, especially near EOL, where after fast charging the battery is unable to reach 1𝐴 in the CC-CV part.
The observation of this variation between cycles, forms the main motivation for determining the SOH purely based on
sensor measurements. Additionally this variation in charge length, also led to the decision to select a model capable of
analysing variable input length sequences. In this manner temporal information could be conserved, by avoiding the
procedure of resampling to constant length, which we found to be unsuccessful for this dataset.

Now using the data presented above and the method shown in section II, we train a model using the hyper-parameters
in Table 3. Most of the hyper-parameters were altered based on rough guidelines provided in [28], while others where
found through grid search on a reduced dataset containing 450 samples per battery. The results are reported for the
entire test dataset. Due to the amount of batteries available within the dataset, we limit ourselves to batch 3 (published
in 2018) containing 46 cells. The train, validation, and test setup which was used can be retrieved in Table 2. For all
figures we present a maximum of two batteries, with one achieving strong performance and the possible second case
achieving less strong performance. The metrics themselves are evaluated on all cycles, to provide the most accurate
assessment of the model its performance.

Table 2 Random data division used for training, evaluation and testing of the deep learning model, using the
Toyota fast charging dataset.

Set Keys
Train B3_01, B3_02, B3_03, B3_04, B3_06, B3_08, B3_09, B3_12, B3_14, B3_15, B3_16, B3_17, B3_18,

B3_19, B3_20, B3_21, B3_22, B3_25, B3_27, B3_31, B3_33, B3_44, B3_35, B3_36, B3_37, B3_38,
B3_41, B3_42, B3_43, B3_44, B3_45, B3_46

Validation B3_07, B3_10, B3_13, B3_24, B3_28, B3_39, B3_40
Test B3_05, B3_11, B3_23, B3_06, B3_29, B3_30, B3_32
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Table 3 Model Hyper-parameters for the Bi-GRU with soft attention configured for SQR and OC. The
hyper-parameters were tuned and adapted for use with the Toyota dataset.

Model Optimiser
Hyper-parameter Value Unit Hyper-parameter Value Unit

M
od

el

Hidden state size 16 [-]

O
pt

im
ise

r Optimiser AdamW [52]
Attention size 32 [-] Initial learning rate 1.0E-03 [-]
Attention dropout 0.1 [-] Weight decay 1.0E-05 [-]

Mini-batch 64 [-]
Quantile layer 32 (+1) - 128 - 128 - 1
Activation function ReLU

Sc
he

du
le

r

Reduce 𝑙𝑟 factor 0.2 [-]

D
at

a

Reduce 𝑙𝑟 patience 5 Epochs
Δ𝑡 10 [s] Reduce 𝑙𝑟 sensitivity 1.0E-05 [-]
Split 70-15-15 [%] Early stop patience 10 Epochs

Early stop sensitivity 1.0E-06 [-]

1. Evaluation of predicted aleatoric uncertainty

First we focus on the quality of the aleatoric predictions made by the model, evaluated on an unseen test set as seen
in Table 2. In Figure 8 the aleatoric uncertainty determined using SQR and the BI-GRU with attention, is presented for
battery B3_05 and B3_29. In Table 4 and Figure 9 the global metrics and calibration curve are presented

Table 4 Evaluation metrics for the Bi-GRU with attention tested on the Toyota dataset

Metric 𝑀𝐴𝐸 𝑅𝑀𝑆𝐸 𝑀𝐴𝑋 𝑅2 𝑅𝑆 𝑅𝑆Above 𝑅𝑆Below 𝐸𝐶𝐸

Value 0.00231 0.00343 0.03108 0.99394 0.07887 0.07709 0.00178 0.07699
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(a) Aleatoric uncertainty of the model predictions using the charging measurements of battery B3_05.
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(b) Aleatoric uncertainty of the model predictions using the charging measurements of battery B3_29.

Fig. 8 Aleatoric uncertainty observable in the battery SOH model, determined using SQR.

For both batteries in Figure 8 it can be observed that the proposed Bi-GRU with attention is able to provide
predictions which closely match the target, for almost the entire lifecycle of the battery. This is confirmed by the high
𝑅2 and low MAE in Table 4, which are 0.00231𝐴ℎ and 0.99394 respectively. The results obtained for battery B3_05
(Figure 8a) are considerably better that the ones obtained for B3_29 (Figure 8a). For battery B3_05 the model is able to
consistently generalise for unseen data, closely matching the target variable for nearly 1000 cycles. In the predictions of
B3_29 a consistent offset is observable between the target variable and the predictions. This offset is however limited
in size, meaning a close match between the prediction and target remains. Furthermore a form of stepwise decay
in the SOH estimation is observable, in comparison to the smooth degradation of the target variable. Furthermore
the maximum observable error of 0.03108𝐴ℎ (∼ 3% with respect 1.1𝐴ℎ), is found within this sample at EOL. This
region consistently performed worse during all of our experiments, even for B3_05, predictions are worse in this region.
Possible reasons for this behaviour and a possible concern of the model architecture are highlighted later.

With respect to the uncertainty, we observe thin confidence intervals and near monotone cumulative distribution
functions. This highlights that randomly sampling 𝛼 quantiles greatly reduced the formation of crossing quantiles. A
second observation is that the uncertainty is narrow, which is the preferred behaviour from a planning point of view.
Additionally when the predictive performance decreases, such as towards EOL, the uncertainty also increases, thus
indicating more variability in the data from an aleatoric point of view. Within Figure 9 we compare the observed
calibration with the reference calibration.
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Fig. 9 Calibration curve comparing the observed calibration and reference calibration obtained for the Toyota
dataset.
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Unfortunately when assessing the calibration in Figure 9, it becomes immediately apparent that the model suffers
from a light form of over-confidence at the high (1-𝛼) confidence levels. This is further confirmed by the non-zero 𝑅𝑆under
score in Table 4, thus indicting a negative discrepancy between the the reference calibration and the observed calibration.
Particularly at the highest 0.99th confidence level this effect is most noticeable, indicating that the predicted confidence
levels contain a reduced amount of samples with respect to ideal conditions. As explained within subsection II.D, this
behaviour is undesired, because of the possible dangerous implications. Intriguingly this over-confident behaviour
rapidly changes to a desired under-confidence, from the 0.90th confidence level onward. For the lowest confidence level,
a near perfect calibration is observable. However from a usability point of view, generally such low confidence levels
are hardly of interest, since we are interested in knowing the limits of our system with absolute certainty. If we purely
consider for calibration, we do observe a strong calibration, with both the 𝑅𝑆 and 𝐸𝐶𝐸 evaluating to low values.

Visualisation of attention weights is an additional nice property of using an attention mechanisms such as the one
used within this research. This provides insight into which hidden states are weighted more heavily to make a prediction.
In Figure 10 the attention map for the results provided in Figure 8a is provided, the input sensor measurements can be
seen in Figure 7. In the attention map we observe that the model consistently allocates a higher weight to hidden states
extracted near the middle to end of the sequence. Furthermore as the battery ages, the attention is being shifted backward
in time, due to shorting of the input signal. Although we do not have insight into the exact meaning of the hidden
states at each time step, we can make a general remark. Comparing the attention map to the input series, observable in
Figure 7, we note that the model almost entirely neglects the hidden states directly coupled to the time steps linked to
the fast charging part of the input sequence. As expressed in the introductory part of this section, during fast charging
the battery is consistently brought to 80% SOC, albeit through different procedures. It can thus be considered that at the
end of the fast charging procedure, before the 1A CC-CV, the batteries are in a similar charged state. The model has thus
learned that the key features to battery SOH are mainly observable in the last CC-CV part of the charge sequence. This
nicely aligns with [17], where features where created based solely on the CC-CV protocol. Furthermore, we may also
observe that the region where the model achieved suboptimal performance, is characterised by a considerably different
attention pattern. Here attention is shifted into the fast charging part.
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Fig. 10 Attention weights as a function of time for each cycle of battery B3_05

2. Discussion on behaviour near EOL

Regardless of the battery that was being analysed, it was observed that the model consistently had worse performance
towards EOL. The region was also characterised by a broader confidence interval as observed in Figure 8. Occasional
poor performance is to be expected, since a model cannot be assumed to generalise perfectly to all regions. However
near EOL, consistent bad performance was found. Around EOL the SOH of a battery continues to decline, as observed
by the "truth" within Figure 8. However if we consider the predictions which are made by the model, we observe
an increasingly poor predictive quality. This quality only becomes worse, the closer the battery is to EOL, this is
particularly observable in Figure 8b. Here instead of a downwards trend, the predictions are increasing as a function of
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the cycle index. We believe that this can be attributed due to the two main reasons.

Firstly near EOL, a semi-unique phenomena occurs, where due to battery ageing the voltage threshold is reached
earlier during the 2-phase fast charging procedure. As a result, it is no longer possible to charge at the elevated constant
current and the amount of current which is being loaded gradually decreases (similarly as during the CC-CV protocol).
Due to this observations it is only logical that the charge time also increases, instead of the traditional decrease in charge
time as a function of battery age. Because this behaviour only occurs close to EOL, the amount of samples which behave
accordingly in the datasets is comparatively limited. Empirically we found that on average 1.5 % (one outlier of 8.5%)
of the samples per battery showed this behaviour. If we then consider that as a results the exposure to these samples in
each mini-batch is limited, this could serve as the leading reasons for the poor model behaviour close to and at EOL.

Another possible explanation for the behaviour at EOL, directly linked to the previous reasoning, is the model
architecture. As discussed in section II we make use of a variable length input sequence, which is inserted into a GRU
(Figure 1) to extract relevant features. Because shorter sequence generally mean a lower capacity, and longer sequence
mean a higher capacity, it could be a possibility that the model may indirectly learn or model this behaviour, due to the
sequential nature of the GRU cells. We believe that this has as effect that the predictions being proposed are to a large
extent influenced by the length of the input sequence. This then explains the sudden increase in capacity at EOL, due to
the increase in sequence length near EOL. If we focus on the attention weights observable in Figure 10, this indicates
that the model is not purely looking at sequence length, however strongly influenced by it. We originally decided
on variable length sampling out of necessity, since this allowed us to use a constant sample rate, thus preserving the
temporal mapping between indexes between samples. We found that resampling to constant length, would significantly
alter the signal and consistently provided poor and irregular predictive quality.

3. Evaluation of predicted epistemic uncertainty

Above, it was observed and described that the model has a particularly unique behaviour near EOL. Showing both
an increase in uncertainty and a worsening point predictive accuracy. This behaviour could also be noticed when
visualising the attention weights. Assessing purely from an aleatoric point of view provided little insight, except for the
conclusion that the model is struggling to make reliable predictions within this region. We did however discuss that
the model architecture or sampling strategy may play an important role in explaining this behaviour. Alternatively if
we now asses for epistemic uncertainty, it could be that model was improperly trained for this region. In Figure 11
the epistemic uncertainty can be viewed for each SOH prediction, together with the set threshold (8.009E-06). For
reference we include the distribution of epistemic uncertainty in the training set in Appendix A. Here we also discuss
the difficulty on selecting a threshold when the training set contains adversarial or poorly learned samples.
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(a) Epistemic uncertainty of the model predictions using the charging measurements of battery B3_05.
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(b) Epistemic uncertainty of the model predictions using the charging measurements of battery B3_29.

Fig. 11 Epistemic uncertainty of the battery SOH model, determined using OCs, evaluated for two batteries.

The epistemic uncertainty was determined using OCs of size 128, trained using the ADAM [53] optimiser for
10 epochs, with a regularization factor (𝜆) of 1 and a learning rate (𝑙𝑟 ) of 1.0E-3. In Figure 11 we can observe that
for the initial cycles the epistemic uncertainty remains significantly below the threshold for both batteries. This is
expected since previously it was also observed that the model is able to make strong predictions within this region.
This thus highlights the epistemic uncertainty is able to correctly highlight that the extracted features, are within the
learned feature space. The epistemic uncertainty remains low for nearly the whole lifecycle of the battery, only near
EOL, a significant rise in epistemic uncertainty is observable. This highlights that within this region the model was
unable to correctly generalise, due to variation between sample distributions or insufficient model capacity. Comparing
the epistemic uncertainty of Figure 11a with Figure 11b, we can observe that the base uncertainty is slightly lower
for B3_05 in comparison to B3_29. This can possibly be explained by the offset of the prediction in B3_29. More
interestingly however, the epistemic uncertainty of battery B3_29 more quickly exceeds the threshold. This indicates
that the model is struggling to generalise earlier in comparison to battery B3_05. Table 5 summarises the epistemic
uncertainty observed on the entire test set. We include the fraction of points labelled as OOD, as well as the average
epistemic uncertainty for each region. Here a region is defined as 0-10%, 10%-20%, ..., 90%-100% of the cycles of a
battery its life. Similarly to the figure we observe that only near EOL samples are labelled as OOD, where 220 out of
606 cycles surpass the computed threshold. The average epistemic uncertainty in this region is 6.987E-06 which is
below the threshold of 8.009E-06.

Table 5 Epistemic uncertainty of the Bi-GRU with attention when evaluated on the Toyota dataset. The
epistemic uncertainty is visualised through the use of OCs, where the threshold is defined as: 8.009E-06.

Region 0-10% 10%-20% 20%-30% 30%-40% 40%-50%
Fraction of points OOD 0/626 0/626 0/626 0/626 0/626
Average 𝑢𝑒 3.000E-06 2.800E-06 2.733E-06 2.741E-06 2.765E-06
Region 50%-60% 60%-70% 70%-80% 80%-90% 90%-100%
Fraction of points OOD 0/626 0/626 0/626 0/626 220/606
Average 𝑢𝑒 2.759E-06 2.789E-06 2.960E-06 3.342E-06 6.987E-06
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4. Evaluation of predicted epistemic uncertainty with mask enforced on the training set

We have now observed that the model is able to allocate higher epistemic values in a region where it was not able to
provide the most applicable prediction. Because no explicit metrics were found to evaluate for epistemic uncertainty, we
perform an additional experiments, to further investigate this topic. First consider the event where a model is not trained
on data near EOL, but is afterwards deployed in a situation where batteries are near EOL. Practically this could occur
when an manufacturer has build a model based on data up to a loss of 10% in capacity (90% of the original capacity is
still available). However during operation, an operator decides to use the model up to a degradation of 30%. Ideally
we would like to be able to distinguish the region where the model is applicable and where it is not, during inference.
We therefore mask the last 40% of the cycling data, with respect to EOL, in the training set. It should be noted that
the produced aleatoric uncertainty is different from the one observed, in the main experiment. For the purpose of this
experiment we purely focus on epistemic uncertainty observable in Figure 12.
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Fig. 12 Epistemic uncertainty of the model predictions using the charging measurements of battery B3_05,
where the last 40% of the cycles where masked during training.

Consistent with the main results, we find that the model is able to provide epistemic uncertainty estimates which
far surpass the values encountered in the training distribution, for regions where the model should not be expected to
generalise. In this cases, this is clearly observable by the threshold between data which was provided to the model
during training and the new life cycle data which was only provided during inference. What is surprising is that upon
reaching the training threshold, the epistemic uncertainty remains low for a significant period, before sharply rising the
further we move away from the training distribution. This highlight the model is able to generalise well to an unseen
region, before alerting that its predictions may no longer be trusted.

Interestingly some additional observation can be made relating to the model its behaviour to the input sequence
length, when reconsidering the masking experiment in Figure 12. If we observe points close to EOL, it can be observed
that the epistemic uncertainty estimates slightly decrease, even though these points are moving further from the training
domain. Although the epistemic uncertainty still evaluates in favour of OOD, the decreasing behaviour is in exact
contrasts to what would be expected, since these data points are entirely different from the samples encountered during
training. However as previously stated the cycles near EOL are characterised by an increases in sequence length,
compared to the decreasing trend observed during most of the battery its lifecycle. We believe that this decreases, causes
the sample to move closer to the training domain, thus leading to a decrease in epistemic uncertainty. We believe that
this apparent heavy dependency on sequence length is a downside to the model in combination with the stochastic loss
function making the model hard to optimise and sensitive to the selected hyper-parameters.
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IV. Conclusion and Recommendations

Predicting battery state of health, is a difficult topic, with increasing relevance caused by the increasing popularity
of battery electric vehicles (BEV). Due to various complex non-linear internal mechanism, over time the total usable
capacity in a battery decreases. This is a huge disadvantage because systems rely heavily on said capacity to perform
their mission. As a result processes need to be set in place to be able to provide accurate estimates on the total usable
capacity in fully charged state, often referred to as battery state of health (SOH). Traditionally in data driven approaches
such as machine learning, researchers would often design sophisticated features based on charge measurements. The
features could then be used to train a model, which can afterwards be deployed to make informed predictions. In
this report we present a data driven approach, relying solely on sensor data taken during charging, thus avoiding any
sophisticated feature engineering process. Furthermore to assess the trustworthiness of our predictions we assess the
models ability to represent both aleatoric and epistemic uncertainty. This is a topic which has been comparatively
reached to a lesser extent, even though it is vital when considering the application of batteries in safety critical systems
or domains.

Batteries are equipped with a range of sensors (voltage, current, temperature), which communicate information
from the battery to the battery management system (BMS), which on its turn is responsible for safe control and system
analysis. These sensor measurements taken during charging are inherently complex and have the key characteristic that
they may vary in length. To preserve temporal information we first sample the original signal using a fixed sample
rate. Next we provide the varying length input sequence to a bidirectional gated recurrent unit (Bi-GRU) with soft
attention. This structure allows the model to learn and identify which parts of the input sequence are vital for making
battery SOH predictions, by means of a context vector. Afterwards this discrete set of "features" or "states”, are
provided to a regressor with the desired quantile as additional input. We train the aforementioned architecture using
simultaneous quantile regression (SQR), to investigate aleatoric uncertainty. Next epistemic uncertainty is estimated
using orthonormal certificates (OCs), here an additional set of weights are trained to map adversarial data samples to
non-zero value.

We evaluate the proposed Bi-GRU with soft attention on 1.1Ah (LFP) battery cells in a fast charging dataset published
by the Toyota research institute. Focussing firstly on the predictive quality of the model we observed strong results,
highlighted by the a low mean average error (0.002Ah) and low maximum error (0.034Ah). Furthermore the 𝑅2 value
between the target and the predictor is 0.994, highlighting that the model is able to successfully predict the degrading
battery SOH. Next we found that the aleatoric uncertainty produced using our model, trained with SQR, was able to
successfully and consistently provide thin confidence interval and near monotone cumulative distribution functions. The
ability to model any distribution with monotonicity is a real benefit of the used method, in comparison to other techniques.
Additionally through the construction of calibration curves, we found that lower bound predictions made by the model
showed a minor sign of over-confidence at the high confidence levels. While exhibiting the preferred under-confident
behaviour for confidence levels below the 0.9 confidence level. This miss-calibration is highlighted by the reliability
score, which represent the area between the observed and reference calibration (𝑅𝑆 = 0.0789, 𝑅𝑆Below = 0.0771, &
𝑅𝑆Below = 0.0018). Across all batteries a consistent deviation was observed between the prediction and truth near
end-of-life (EOL), the high epistemic uncertainty in this region was successfully detected through the use of OCs.

To conclude, in this paper we presented the suitability of using SQR and OCs for reporting aleatoric and epistemic
uncertainty in battery SOH estimation. However due to the stochastic loss function used in SQR we did encounter
issues with model stability and hyper-parameter sensitivity during training. Additionally the selection of an adequate
threshold for OCs remains an important issue, to be able reliably identify faulty samples. Future research is aimed at
further analysing the issue of model stability, for example trough the integration of an alternate feature extractor (such as
a temporal convolution neural network). Additionally developing deep learning models with uncertainty visualisation
capabilities is not a trivial task, therefore during design it may be helpful to not separate both type of uncertainties.
Therefore we are interested in investigating how the approach used in this paper compares to combined modelling
techniques such as ensemble learning using mixture density networks. Lastly we are especially curious how the model
architecture may perform in alternative tasks in the domain of batteries, such as state of charge estimation, alternate
battery datasets, or remaining useful life forecasting.
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A. Distribution of Epistemic Uncertainty

In the main body of this research paper, it was described that the threshold between in-distribution and out-of-
distribution is defined as the 95th percentile across the epistemic uncertainty within the training set. When using this
threshold we found that the OC model consistently determined predictions near EOL to be out-of-distribution. We
further discussed that this out-of-distribution label aligned with observation we made regarding model behaviour in this
region. The core difficulty however, lays in successfully determining a strong threshold value, which we were not able to
find a good solution for. In this case the choice of 95th percentile threshold value can be considered to be rather arbitrary.

The OCs presented in [37] were most notably designed to detect adversarial or out of distribution samples. Meaning
the samples should be significantly different from what is encountered during training. However if adversarial or
irregular samples are encountered during training this does form an issue, since the threshold is set based on their
existence. When selecting the 95th percentile across the training set, this assumes that 5% of the samples within
the training set lay above said threshold. Thus by design 5% of the samples will be labelled as slightly or highly
out-of-distribution (depending on the nature of the dataset). It is entirely realistic to assume that not all samples within
the training set are learned well by the model (in our case the EOL behaviour). However it does immediately raise
questions regarding why the threshold of 95 was chosen instead of 99 or even 90. We believed that 95 was the most
sensible balance between the three values which were tested in [37], because it was sufficiently high to not falsely label
points as out-of-distribution, while still being able to identify fault samples. Ideally a more appropriate method would
be to set a threshold bound, using the procedure highlighted in [54]. Here by means of the Chebyshev inequality an
upper bound probability can be given to a set threshold. As a results the selected threshold has a form of upper bound on
the probability that a value is located above a threshold. In this case since we are dealing with strictly positive epistemic
uncertainty values, the adaptation suggested by Cantelli is more applicable [55]:

𝑃
(
|𝑒𝑢 (𝑥𝑖) − 𝜇𝑒,train | ≥ 𝑘𝜎𝑒,train

)
≤ 1

1 + 𝑘2 where: 𝑥𝑖 ∈ D (17)

Here 𝜇𝑒 and 𝜎𝑒 are the mean and standard deviation of the epistemic uncertainty in the training set. 𝑒𝑢 refers to the
epistemic uncertainty of a to be classified point, computed using Equation 12. The integer variable k, can be selected
based on the desired threshold between in an out of distribution. Lower k values, result in a higher probability that
any given point is classified as out of distribution, due to the lower standard deviation which is accompanied by this
decision. In Figure 13 a histogram of the epistemic uncertainty across the training set can be observed containing
vertical lines for both the percentile based threshold and the standard deviation based threshold values. Here it can
readily be observed that the threshold values based the standard deviation are quickly become quite large for a low k, as
results the upper-bound probability suggested by Equation 17 provides little benefit, over the percentile based approach.
Furthermore it will often fail to identify cases which fall outside the distribution.

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Epistemic Uncertainty [-] 1e 5

0

2500

5000

7500

10000

12500

15000

17500

20000

C
ou

nt

Quantile based threshold
Standard deviation based threshold

Fig. 13 Histogram depicting the epistemic uncertainty values encountered during training, using the Bi-GRU
with attention trained using SQR and evaluated using the OC output layer.
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B. Verification on Toy Example

Within this chapter the framework developed to verify the model presented within section II is provided. Within
subsection B.A the models ability to estimate aleatoric uncertainty is demonstrated through the creation of a range of
"toy examples". Afterwards within subsection B.B a similar procedure is utilised to highlight the implementation of the
epistemic uncertainty and the models ability to provide estimates for it. Both subsection B.A and subsection B.B are
heavily inspired by the toy example created and discussed by Tagasovska and Lopez-Paz †, both subsections mainly
served as an internal verification procedure, to test relevant aspects. As a small side note: all calibration curves within
this section are assessed for right sided or lower bound confidence interval, similar to the main report.

A. Aleatoric uncertainty

Aleatoric (or irreducible) uncertainty describes randomness, noise, and general uncertainty engrained within the
data. In most machine learning applications, this type of uncertainty is of great insight, since it provides information
into the degree of uncertainty between the explanatory (𝑥) and dependent (often also referred to as predicted or target)
variable (𝑦̂). Referring back to the derivation made within section II, which for convenience is rewritten here:

E
[
(𝑦 − 𝑦̂)2] ⇒ E

[
( 𝑓 (𝑥) − 𝑔(𝑥))2]︸                  ︷︷                  ︸

Epistemic

+ 𝑣𝑎𝑟 (𝜖)︸ ︷︷ ︸
Aleatoric

. (18)

The noise component (𝜖) becomes immediately visible [14, 36]. To be able to estimate this component, within
the setting of battery SOH estimation, simultaneous quantile regression was utilised [37] to estimate the conditional
quantiles. The original researchers highlighted that through the use of their technique, a diverse group of uncertainty
behaviours could be estimated. The most relevant cases are highlighted below.

Table 6 Different types of uncertainty [37]

Type Description
Heteroscedastic Variance changes over time, particularly valuable for time-series forecasting.
Gaussian Error follows a normal distribution.
Non-Guassian Error follows another distribution such as a uniform or exponential distribution.

Although the original authors did provide a brief toy-example, highlighting the models functionality, they did not
investigated the accuracy of the predictions being made. Therefore a simple experimental setup is created in which
the cases described within Table 6 are observable, afterwards the predicted uncertainty is evaluated using methods
described within subsection II.D. We evaluate the following 2 cases, where x is a discrete set of points (e.g. seconds),
and y is the response. Within the first example noise (𝜖) is artificially added by sampling from a uniform distribution,
while within the second case we sample from a normal distribution with varying standard deviation.

1) 𝑦𝑖 = 0 + U (−0.5, 0.5) , ∀𝑖 ∈ {1, ..., 𝑁}
2) 𝑦𝑖 = sin (𝑥𝑖) + N (0, 𝜎 = 𝑓 (𝑥)) , ∀𝑖 ∈ {1, ..., 𝑁}

Further implementation details include normalization of the explanatory variable, using minmax. While a standard
train, test data split of 60 / 40 is utilised, sampled from the main set (𝑥𝑡𝑒𝑠𝑡 , 𝑦𝑡𝑒𝑠𝑡 ) ∧ (𝑥𝑡𝑟𝑎𝑖𝑛, 𝑦𝑡𝑟𝑎𝑖𝑛) ∈ {(𝑥, 𝑦)}. A
simple standard feed-forward neural network, of structure 2-128-128-1 is used, with ReLU activation functions. The
desired quantile is additional input (scaled with respect to the normalized input data). An illustration of this generic
network is observable in Figure 3. The quantile loss function is used in combination with the Adam [53] optimiser

†Github repository of the original authors: https://github.com/facebookresearch/SingleModelUncertainty/tree/master
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(𝑙𝑟 = 1𝑒−3,weight decay = 1𝑒−5, 𝛽1 = 0.9, 𝛽2 = 0.999), and a mini batch size of 128. The total amount of epochs is
varied per experiment, while for all experiment 21 quantiles between 0 and 1 are used to construct the calibration plot.

Case 1: Uniform noise The first case lays the focus on the model its ability to model uniform random noise. Using
the function 𝑦 = 0 + U (−0.5, 0.5), a set of 4000 points are sampled between 𝑥𝑖 = 0 and 𝑥𝑖 = 20. Dividing the dataset
into a training and validation set, followed by min-max normalization with respect to the training set the following setup
is created Figure 14. Additionally 100 epochs are utilised during training.
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Fig. 14 Training and validation setup used within example case 1. Where y is independent of x and uniform
random noise is added on top of the signal.

It can be observed that across the full data envelope, that both training and validation points are represented
sufficiently well. After training, inference is done across a discrete set of quantiles between 0 and 1 based on the
validation set. The results of this experiment can be visualised within Figure 15
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Fig. 15 Results of case 1, on the left the predictions can be viewed for a range of quantiles. Whereas on the
right the cumulative distribution function is visualised based on the discrete set of evaluated quantiles, for each
validation data point.

Within Figure 15 it may immediately be observed that the models point prediction of the mean is around zero.
This observation coincides with the original sampled functions (𝐸 [U (−0.5, 0.5)] = 0). We observe that the 98%
confidence interval contains nearly all the data, both within the training and validation set. Next on the figure to the
right, the cumulative distribution function (cdf) can be observed. Firstly the function created by a discrete set of
quantiles, is monotone. This highlights that the method proposed by the authors, successfully reduces the phenomena of
crossing quantiles. In fact for this example no crossing quantiles can be observed. Secondly the shape of the cdfs are in
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accordance to a cdf of a uniform distribution, this coincides with the added noise component. The accuracy of the
predicted uncertainty is further confirmed by the evaluation of the calibration curve and metrics (see subsection II.D for
the relevant methods).
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Fig. 16 Calibration curve comparing the expected confidence to the found confidence for case 1.

Figure 16 is a powerful manner to quickly evaluate the uncertainty of a given model. It can be observed that in
general a strong match between the expected and found confidence can be observed. This is highlighted by the high R2

and low ECE (R2 ≈ 0.988 and ECE ≈ 0.028). The RS score is approximately 0.027 (above: 0.019, below: -0.008), again
indicating a strong and well calibrated uncertainty. The model does exhibit a slight form of overconfidence, towards the
high (1 − 𝛼) confidence levels. Indicating that the lower bound predictions for these high confidence levels are to high.
As discussed within subsection II.D this behaviour is not ideal and can be dangerous, however the overconfidence is
limited. Interestingly for the low (1 − 𝛼) confidence levels, the opposite behaviour can be noticed. The model gradually
transition from overconfidence, to neutral confidence, to underconfidence. It is however believed that an improved model
and a model less prone to overfitting, could lead to improved performance (not in the scope of this simple verification
example).

Case 2: Sinusoidal function with increasing variance In a similar fashion a sinusoidal wave is investigated, with the
addition of normal noise, where variance/ standard deviation is sampled as a function of x. The following function is
used within the experimental set up: 𝑦𝑖 = sin (𝑥𝑖) + N

(
0, 𝜎 = 0.5 + 0.4 ∗

( 𝑥𝑖
10
)2
)
. Again 4000 samples are collected

and 500 epochs are utilised during training. To avoid repetition, the focus is laid on the results, which are presented in
Figure 17 and Figure 18.
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Fig. 17 Results of case 2, on the left the predictions can be viewed for a range of quantiles. Whereas on the right
the distribution is visualised based on the discrete set of evaluated quantiles, for each validation data point.

Although the learning process is more lengthy and complex in comparison to case 1, satisfactory results are obtained.
It is immediately observed that the neural net is able to learn and predict the sinusoidal nature of the training data.
Furthermore the uncertainty of both the 68% and 98% confidence interval show an increase in size, with respect to an
increase in x. The observation matches with the main logic behind the implemented experiment (heteroscedastic noise).
The figure on the left highlights that SQR is able to provide monotone, heteroscedastic, normal/ Gaussian cdf. Now to
evaluate the quality of the predicted uncertainty a calibration curve is constructed, which can be found in Figure 18.
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Fig. 18 Calibration curve comparing the expected confidence to the found confidence for case 2.

First a minor overconfidence is observed at highest (1−𝛼) confidence level, similar but smaller than the overconfidence
observed in comparison to the previous case. What is particularly interesting is that the model oscillates between over-
and underconfident predictions throughout the entire centre band of the confidence levels, afterwards stabilising in the
underconfident region for the low confidence levels. This could be a potential small indication of overfitting on the
training set or poor generalization to the validation set. However, for the case of these fictitious examples no further
analysis was performed, to potentially achieve a perfect match. In general strong calibration is observed, where the
observed confidence is close to the reference confidence. This is highlighted by the metrics: R2 ≈ 0.993 and ECE ≈
0.020, the RS score is 0.019 (above: 0.016, below: -0.003).
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B. Epistemic uncertainty

Epistemic uncertainty is primary related to the uncertainty of a given model (see Equation 18) and thus how well
it represent the underlying function. It becomes especially relevant when dealing with neural networks, due to the
stochastic nature of the training procedure and their behaviour to adversarial or out of distribution samples. For the case
of safety critical systems, this type of uncertainty becomes especially relevant. Because it gives an indication when the
model itself is uncertain, or was not trained to make predictions for this data regime. To provide estimates for epistemic
uncertainty we make use of orthonormal certificates, proposed by the same authors of SQR [14, 37].

Similar to cases highlighted for the aleatoric uncertainty, distinct cases can be constructed to force epistemic
uncertainty within the model. To be able to focus on epistemic uncertainty, consider the functions implemented within
subsection B.A. To estimate aleatoric uncertainty we sampled the training and validation set in a similar manner from
the dataset. Now instead of ensuring the distribution between both sets are similar, we actively enforce a difference in
distribution between the training and validation set. Here we make use of a mask, which hides certain data regions
during training. This approach aims to simulate a behaviour, where during inference data is provided outside the training
"envelope". Linking this idea to batteries, one can think of missing data points at EOL, or measurement errors (ideally
we would of course like to identify such cases). This concept case is inline with the original idea of OCs within the
context of epistemic uncertainty, highlighted within the research paper of the original authors[37]. Furthermore we
hope that this example demonstrate the correct implementation and suitability of OCs to be able to provide insightful
information regarding epistemic uncertainty within the context of battery SOH information. Note that the procedure we
use here, is one of the many possibilities to test epistemic uncertainty.

Case 3: Masking of data Consider the case in which 4000 samples are made from the following distribution
(equivalent to case 2): 𝑦𝑖 = sin (𝑥𝑖) + N

(
0, 𝜎 = 0.5 + 0.4 ∗

( 𝑥𝑖
10
)2
)
. Before training the following mask is applied

(6.0 < 𝑥 < 14.0 ∧ 17.5 < 𝑥), which effectively removes the data within said region, while during inference said mask
is not applied. 2000 epochs are utilised during training. Within Figure 19 one may observe the data setup which is
used in combination with the results. Within the figure the aleatoric uncertainty can be observed in combination with
the model its predictions, while the epistemic uncertainty of the model can be observed at the bottom. Based on the
recommendations written within [37] we opt for SQR (see Equation 10) to train the certificates.
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Fig. 19 Results of case 3, containing both the aleatoric and epistemic uncertainty.
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Within Equation 10 the estimated epistemic uncertainty can be observed. Firstly it can be noticed that from an
aleatoric point of view the model keeps providing estimates, although it does not comply with the underlying data. Two
such cases can be observed within the figure, in both cases a rise in epistemic uncertainty can be observed within the
bottom graph. The units of epistemic uncertainty should not be interpreted literally. The authors [37] recommend to
evaluate points as out-of-distribution or adversarial when their epistemic uncertainty evaluates higher than the values
encountered during training. The investigated three thresholds, namely the 𝛼 = 0.9, 𝛼 = 0.95, and 𝛼 = 0.99 quantile,
for the case of this experiment we selected the 𝛼 = 0.95 quantile.

We must however note that the process of learning epistemic uncertainty was a bit more troublesome in comparison
to the aleatoric uncertainty for the test cases. Firstly we noticed that the OCs where rather sensitive to the chosen
hyper-parameters (certificate size, and epochs), loss function, and we achieved rather inconsistent results. Furthermore
the OCs seem to struggle with masked locations close to the original training distribution. For significantly out of
distribution points this behaviour was noticed to a less extent. The above presented cases was the best achieved results
after numerous experiments.
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5
Reflection on the Work Performed During the

Thesis

With this chapter we would like to reflect on the work which was and was not performed in this thesis. We will

provide an overview of the main contribution and core difficulties which were encountered and link this to the original

research questions and objective. First in Section 5.1 we will discuss the original research questions and describe how

they changed throughout the research period. Afterwards in Section 5.2 we will have a brief discussion on datasets.

5.1. Design of Research
The foundation of the research project is laid out during the literature review phase. During this phase knowledge on

the domain is collected and a research plan is developed. Because of its importance we will first reflect on decisions

which were made here, followed by changes which were made with regard to the original research proposal.

The main goal of a thesis was twofold, firstly it is an opportunity to develop yourself academically. Secondly the

aim is to contribute to scientific literature by offering new insights into a certain knowledge or research gap. Because

of the popularity of batteries in recent years, it is of no surprise that a tremendous amount of research has been

performed across various disciplines. After reading a lot of papers on both state of health estimation methods and

uncertainty quantification techniques we observed that comparatively little effort had been performed on integrating

uncertainty aware deep learning techniques and battery state of health estimation methods. Since we had, no prior

experience in deep learning, nor in batteries, this topic would definitely be very challenge, however at the same time

it would provide us with the opportunity to learn something new, while still contributing to the field. Thus besides

formulating a useful and applicable research question, we had to ensure the task remained feasible and realistic.

The original research objective defined in Chapter 3 was to better understand the uncertainty of battery state of

health estimations. Similarly the main research questions was stated as follows: How can the uncertainty of lithium

ion battery state of health be accurately predicted through the application of deep learning methods? As can be

observed in the research paper, both the research objective and question remained the same to what we proposed

originally. We successfully achieved this by presenting a new deep learning model taking charge data as input and

providing a discharge capacity with confidence interval as output. We afterwards performed a detailed analysis of the

quality of our predictions using a mixture of point prediction evaluation metrics, uncertainty evaluation procedures

and specialised test cases. We conclude that the proposed model is able to reliably estimate both aleatoric and

epistemic uncertainty, however a few challenges remain.

If we now focus on the sub-question which were developed, we observed that 3 out of 4 sub-questions were

answered. Namely, we created a deep learning model and implemented a procedure to assess the effectiveness of its

predictions. However if we focus on the methodology in the sub-questions, 2 changes were made. First, the original

idea was to further improve an existing technique, by making use of expectile regression instead of quantile regression.

The technique seemed very promising, since according to literature, improved calibration and monotonicity could be

obtained. However the technique turned out be much more mathematical then initially expected and as results the

idea was discarded. Instead we made use of a two part procedure referred to as simultaneous quantile regression and

orthonormal certificates to be able to quantify both aleatoric and epistemic uncertainty.

The second change is related to the feature extractor which would be used in our research. Initially when creating

our research design, we had developed a general idea of the current state of research in the domain of battery state
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of health estimation. Here the typical approach was to convert the input time series into a fixed length sequence,

which is then provided to the model. Unfortunately we found that this approach does not work for the fast charging

procedure and thus we moved to variable length input sequences. In this cases the conventional convolutional neural

network was no longer a valid option and as a result an approach compatible with variable length input sequences had

to be selected. Therefore to conclude, the sub-questions were answered, however implementation details (methods)

were altered in the process. We believe that the final method is a significant improvement to what was stated in the

sub-questions originally.

Typically the last step of a deep learning process is to compare the approach used in our paper, with other

approaches. In our thesis this step was defined as sub-question 4. During development we had encountered significant

issues with model development as well as model stability. In our discussion we highlighted that the stochastic loss

function could possibly explain this issue. On the other data standardisation (resampling and accurate normalisation)

of the signals in the Toyota datasets was a particular challenge. More specifically, the varying sequence length,

may also cause the model to fixate primarily on input length. However we found that proving this was particularly

difficult, since experiments would contradict each other. Both aspects cause the development to take much longer

than expected. The consequence of this was that we were unable to perform the task we initially intended to complete,

even though most of the models for benchmarking have been developed. I believe that this is also an important lesson.

We put a lot of effort into maximising the performance and improving stability of the model. However, in reality it

would have been more valuable to formulate an answer to sub-question 4, by exploring an additional uncertainty

estimation technique or dataset.

This thesis topic has primarily been a very enjoyable learning experience. Before I started with this topic, I knew

nothing about deep learning and batteries, thus the topic was definitely overwhelming, ambitious and challenging.

This project allowed me to explore numerous aspects related to data analysis from the beginning to the end. Topics

which initially seemed a mystery to me have become much more clear and I thoroughly enjoyed the countless hours

of reading into the topic. Throughout this thesis a series of mistakes were made, which would maybe not have

happened if I had prior knowledge of the topic. Simply being able to deal with and process the sheer scale on

information being available to us, has been a positive learning experience. But most importantly we learned from

these mistakes, got better at processing academic information, explored a very fascinating topic, and presented an

interesting methodology to contribute to our research objective.

5.2. Difficulty of Finding Appropriate Datasets
Deep learning is a method notorious for requiring a significant amount of high quality data to be able to train, and

afterwards accurately validate and test a model. This is of course to be expected, since we expect a model to learn

intricate process by itself. We observed that within the field of batteries a lot of high-quality data is available. These

are being published by numerous research institutes such as NASA, Toyota research institute, CALCE, and Oxford.

The issue however is that most of these datasets are limited in size, this issue only becomes more apparent when

considering uncertainty quantification. Here many of the proposed evaluation metrics depend on the availability of

large and diverse validation and tests sets. Initially we devoted a lot of our attention to the two datasets published by

NASA, since these were popular datasets for machine learning and deep learning in literature. However, in hindsight

we should have realised earlier that they were simply to small for our application. The key lesson learned here is

that during the initial research design it is important to not only have a wide view of the available datasets, but also

perform preliminary basic analysis of the datasets, to limit losing time during the main development phase.
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