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Abstract

With the environmental pollution affecting global warming year-by-year,
decarbonisation of the transportation sector is seen as a key factor to con-
trast the CO, emissions and fighting climate change. In this direction,
regulations about CO, emissions are tightening year after year reducing
the allowed emissions for the fleet of vehicles. These strict regulations
push carmakers to invest in hybrid electric vehicles and full electric vehi-
cles which makes use of a battery as an additional or primary source of
power. Formula 1, is a motorsport category at the forefront of automotive
engineering and has always reflected these trends in terms of performance,
safety and sustainability. In line with this, in 2014 with a major regulation
change, the regulatory entity introduced the hybrid power unit-a complex
propulsion system where different components cooperate to propel the car.
The power unit relies on a battery as an additional power source. In such
a highly competitive context, where every millisecond can make a differ-
ence, it is extremely important to have a clear and precise idea about the
expected performance of any component of the car, to reduce as much as
possible the uncertainties during races. This is true also for the battery
whose performance affects the power delivered to the tyres and thus the
lap time.

The works presented in this thesis have to be collocated within this con-
text. They involve two distinct approaches aimed at accurately estimating
battery degradation. The first study focuses in estimating the SOH of a
complete battery. The problem is faced by implementing a data-driven re-
duced order model (ROM) of a cell. This model predicts voltage based on
input parameters such as current, SoC and temperature. To achieve this,
a deep long short-term memory (LSTM) network with a many-to-many ar-
chitecture is employed. The voltage predicted is then used to calculate the
expected voltaic efficiency for a new battery-modelled as a series/parallel
arrangement of cells-under known working conditions. The efficiency is
then compared with the voltaic efficiency derived from real battery mea-
surements under the same working profile. To quantify battery health,
a new coefficient is introduced, defined as the difference between the two
voltaic efficiencies. The methodology is then to three different real bat-
teries, showing the effectiveness of the proposed approach. Applying this
methodology to three real batteries, each operating under different condi-
tions, reveals that battery degradation varies depending on usage patterns.
Consequently, two batteries with the same mileage can exhibit different
efficiency losses, highlighting the necessity of tailored SOH assessments.

The second study proposes a methodology to estimate the capacity of
the cells composing the battery based on the measurement of the voltage



relaxation. The key innovation lies in triggering voltage relaxation using a
current spike. The resulting curve is processed to extract four statistical
indicators, identified in maximum, minimum, average and variance. It is
shown that the proposed indicators are correlated to the actual cell capac-
ity. Eventually, they are used to implement a machine learning model to
estimate the capacity. To optimise the approach, three different current
spike intensities are evaluated in order to find out which is the smallest
value that can be applied to provide enough information properly describ-
ing the capacity degradation of the cell. Moreover, three different machine
learning models are implemented in order to find out the best combination
(model, current spike) which results in the lower RMSE and the best predic-
tion accuracy. The models implemented are multivariate linear regression,
gradient-boosting decision tree and random forest regression. The results
show that the best model is the gradient-boosting decision tree with the
highest current spike, it results in an RMSE of 0.0172 Ah over the training
dataset and 0.0184 Ah over the test dataset, showing that the proposed
approach is effective in estimating cell capacity with a low error.
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Chapter 1
Introduction

"La vittoria pit bella é quella che deve ancora arrivare”.
Enzo Ferrari

The citation is representative of the philosophy behind the development of each
Ferrari F1 car. F1 is a highly competitive context where every millisecond can change
the outcome of a race, determining the winning or the losing of a GP. This awareness
drives the engineers in the scrupulous research of perfection in any detail, with the aim
of pushing the boundaries of physical laws to reduce the lap time and crossing for first
the line below the chequered flag.

Since its beginning in 1948, the F1 races have been regulated by Fédération In-
ternationale de 1’Automobile (FIA), an international organisation with two primary
functions: the mobility division advocates the interest of the automotive industry,
and the sport division is a governing body for many international motorsport champi-
onships, including F1. Over the years, FIA made several changes to properly regulate
any part of the car including its heart: the propulsion system.

At the very beginning, the regulations were defined by the engine capacity, trying to
bring a balance between supercharged and normally aspirated engines. In particular,
the teams had the possibility to choose between a 1.5 £ supercharged and 4.5 ¢ naturally
aspirated internal combustion engine (ICE). No limits were imposed on the weight of
the car The changes in regulation that occurred over the years, explored different ICE
architectures to reflect the evolution trends in automotive engineering driven by the
pursuit of performance, efficiency, sustainability and vehicle safety improvement. At
the beginning of the 1960s, a regulation review removed the possibility of using a
supercharged engine in favour of the allowed 1.5 ¢ naturally aspirated one, and the
minimum weight of 450 kg for a car was introduced. This decision was pushed by the
necessity of reducing the speed and thus improving safety. In the late 60s, regulation
changed again, giving the teams the possibility to choose between a 3.0 ¢ naturally
aspirated engine or a 1.5 ¢ turbocharged, and the weight of the car was limited to a
minimum of 500 kg. In the 1970s, to reduce fuel consumption, a change in regulation
forced the teams to use a 1.5 ¢ turbocharged ICE which can produce significantly more
power with the same displacement compared to the naturally aspirated version. The
minimum weight of the car was set to 530 kg. In this decade, the first movements to
improve the safety of the sport began, and the regulations made the wholesale changes
needed to bring it up towards the modern standards of safety which it enjoys today. The
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first step has been that of removing long circuits (such as Niirburgring) and shorter and
more safety-compliant circuits (such as Paul Ricard or Hockenheimring) that were built
with safety features installed. With the safety improvement implemented during the
late 70s and early 80s, F1 became overall much safer despite deaths still happening. The
huge amount of downforce created by the ground effect became too dangerous, and thus
the technology was banned. Regulations changed again in 1989, when turbocharged
engines were banned in favour of a naturally aspirated ICE with 8 or 12 cylinders and
a capacity of 3.5 £, subsequently limited, in 1995, to 3.0 £. From the early 2000s, FIA
opted for a shift toward improving the efficiency of the F1 vehicles, controlling its costs
and improving their safety. Concerning safety, the most important introduction has
been the head and neck support (HANS), anyway, no major changes have been made
until the introduction of the halo. Concerning efficiency and cost reduction instead,
a big step was made in 2009 with the introduction of the Kinetic Energy Recovery
System (KERS): a system that converts the kinetic energy of the car during braking,
into mechanical or electrical energy which is then stored in a flywheel or a battery
respectively. The harvested energy is available to be deployed later during acceleration
phases. The most significant change in the F1 propulsion system came in 2014, with
the introduction of hybrid Power Unit (PU). The propulsion system becomes a highly
complex device composed of a 1.6 ¢ ICE and a sophisticated energy recovery system
(ERS), which harvests kinetic energy during braking as well as energy, in the form of
enthalpy, from the waste gas duct converting it in electrical energy to be stored in a
LIB used as energy storage (ES). LIBs are ideal for this application because of their
high power and high energy density characteristics [1].

The technical regulation defines the PU as the assembly of ICE and turbocharger,
complete with its ancillaries, any ERS system, all the actuation systems and the control
electronics to make them work at any time. The same regulations define the ERS as
a system specifically designed to recover energy from the car, store it, and make it
available to propel the car itself when required [2]. As for all the aspects of the F1 car
development, also the PU operation is bounded by a strict set of rules. In particular,
FIA ruled the energy capacity and its flow. A representative picture of the layout of the
PU system and its regulations, can be seen in Fig. There, all the components of the
PU are schematised and are reported the information about the allowed energy storage
capacity and the allowed energy flows between the components. The picture highlights
that it is possible to think of the PU as composed of three main subgroups: ICE and its
related parts (represented with red squares), ERS and its control unit (represented via

green squares) and non-ERS energy storage systems and their ancillaries (represented
in blue). The ERS system, as can be verified from Fig. is composed of:

e Energy Storage (ES);

e control unit (CU);

e Motor Generator Unit - Kinetic (MGU-K);
e Motor Generator Unit - Heat (MGU-H).

Diving into each component, most of the time, the ES is a LIB whose function is that
of storing the electrical energy (in the form of chemical energy) and providing that
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ENERGY STORE (ES)

The difference between the maximum and the minimum state of charge of the ES
may not exceed 4MJ at any time the car is on the track.

The amount of stored energy in any ES may not be increased by more than 100k] whilst the car is
stationary in the pit lane or garage during the Qualifying Session or during a Race pit stop.

(e e ] e o e -
I MGU CONTROL UNIT ! Non-ERS
1
: e Ma i Energy
. Maximum aM /lap 2MU [ lap
: Unlimited 500) storage from or : Stores
1 e wrs Max 300k)
] ' | energy stored
1 Unlimited i on car
- - - outside of
single ERS.
Max 20k)
. recovered at
Single MGUH Single MGUK 2 rate grester
than Zkw.
Unlimited
Unlimited
Max power +120kW (release mode)
PRESSURE Min power -120kW (recovery mode)
CHARGING With the exception of cars starting or resuming the race
SYSTEM from the pit lane, the MGLUK may only be used during a
standing start once the car has reached 100km,/h
Unlimited
ENGINE
Fuel mass flow may not exceed 100kg/h Unlimited ENGINE OTHER
ANCILLARIES ANCILLARIES
Below 10500rpm the fuel mass flow must not
exceed Q (kg/h) = 0.009 N(rpm) + 5.5

Figure 1.1: Representative schematisation of the PU of a F1 car completed with tech-
nical regulation about the energy capacity and energy flows

energy when required, such as in acceleration phases. The CU is the set of electronic
devices which drives the electric motors and the current flow between them and the
ES through the AC/DC conversion. The MGU-K is an electric motor paired to the
ICE through one or more gears with a double purpose, on the one hand, it is used
as a supplementary power supplier in acceleration phases, on the other hand, it works
as a supplementary brake in braking phase, converting the car’s kinetic energy in
electrical energy which is stored in the ES. The MGU-H instead, is directly paired
to the turbocharger through a coaxial shaft and has the double function of reducing
the turbo lag driving the compressor when the engine works at low revolutions, and
recovering energy from wasted gas by converting its enthalpy in electrical energy. The
introduction of the ERS system marked a transformative era in the sport, aligning
with broader trends in automotive technology and environmental sustainability. The
presence of such strict regulations and the limited testing time forced by the FIA with
the aim of cost reduction, pushes the teams to invest in developing high-fidelity virtual
models of the car’s components to be juxtaposed with the experiments. This way
of working translates into reduced costs and environmental impact, in line with the
philosophy behind the FIA goals.

Formula 1 is a highly competitive championship where everything is pushed to the
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limit and stressed, this is true for the drivers who have to withstand extremely high
g-forces and make decisions at speeds above 300 km/h, but also for the components
which have to be designed to be as much performant as possible in terms of energy
efficiency but also in terms of weight and resistance. This makes each component ex-
tremely efficient but, at the same time, it might happen that the sustained stresses
degrade it, reducing its performance and reliability. In this context, it becomes of
primary importance to monitor the health of components during their whole lifetime.
This monitoring becomes more important for such components for which FIA limits
the number during a season such as ES or MGUs. One of the most complex compo-
nents to take care of is the ES. As stated before, most of the time, a LIB is used as ES,
bringing all the complexity of such a system. Ageing of a battery can be thought of as
given by the contribution of two main phenomena such as calendar ageing and cycling
ageing. Calendar ageing occurs when the battery is at rest, with no current flowing. It
is a function of the storing average SoC, time ¢ and temperature 7" |3} |4]. Cycle ageing
instead occurs during battery usage, and it is related to charge and discharge current
I, temperature 7', number of cycles nyqes and depth of discharge (DoD). The effects
of ageing are mainly two: capacity reduction which manifests with a progressive reduc-
tion of the energy that can be stored, and a rise in internal impedance whose effect is
reducing the available power extracted from the battery for the same conditions |5, 6.
In both cases, ageing negatively affects battery reliability and safety which, for a F1
car, translates successfully completing a race or retiring the car. Most of the processes
causing the performance loss, occur at similar timescales and cannot be studied in-
dependently, making the investigation of the ageing mechanism significantly complex.
The dominant ageing mechanism is the solid electrolyte interface (SEI) formation that
causes an increase in the impedance, this effect manifests itself mainly at the begin-
ning of the life. Later, loss of Lithium in the active material takes place and becomes
the dominant effect, leading to self-discharge and capacity fade [7]. In general, capac-
ity fade is caused by structural changes occurring in the cell due to cycle, chemical
decomposition and surface film modification.

Given the exponential rise in the importance of batteries for different critical appli-
cations such as automotive, it becomes crucial to accurately understand, monitor and
find a methodology to model these effects to estimate battery life status. In this di-
rection, over the years, strong efforts have been made in the research and development
of any aspect, to improve battery efficiency, capacity and safety. A wide methodol-
ogy used by researchers to monitor the battery life status is by defining a parameter
referred to as state of health (SOH). It is evaluated as the ratio between the actual
capacity and the capacity at the beginning of life (BOL). However, accurate estimation
of SOH still presents many challenges due to the complexity of the internal chemistry
and the difficulty of accessing required information. Actually there is not a universally
recognised methodology to accurately estimate its value.

The battery used in the context of F1 races, is considered to be a battery for
high-power applications, and it’s subjected to extremely high discharge and recharge
currents compared to its capacity, for that reason, it is important that each cell would be
designed to have a small internal resistance and impedance to maximise the efficiency
and the power extracted. Moreover, given that the regulations allow the use of a
maximum of two batteries in a season without incurring penalties, it is important to
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have reliable and safe batteries for, at least, half of the races.

This thesis presents a detailed study conducted during the PhD period to estimate
the health of an F1 car battery. Among the various methodologies reported in the
literature, two distinct Machine Learning (ML)-based approaches are explored and
presented here. While both leverage ML, they rely on different concepts and physical
phenomena.

The first approach employs ML to develop a Reduced Order Model (ROM) of a
battery cell at 0 km. This model takes current, State of Charge (SoC), and temperature
as inputs and estimates the expected voltage (VE) of a brand-new battery under specific
operating conditions. By comparing this predicted VE with the actual VE of a used
battery following the same operational profile, the battery’s health can be assessed.
The second approach focuses on estimating the State of Health (SOH) of the battery
cell using four statistical indicators derived from voltage relaxation (VR) after a current
spike. This method provides insight into the battery’s degradation based on its response
to transient conditions. Both approaches offer valuable perspectives on battery health
estimation, contributing to the broader field of battery diagnostics in high-performance
motorsports applications.

For the first work, the cell model takes as input current, SoC and temperature and
estimates the voltage. The estimated voltage represents the response that a brand-new
cell should have for the working conditions. This is used to calculate the efficiency that
a battery (seen as a series/parallel composition of cells) would have over a cycle if it
were new, and its value is compared with the efficiency calculated using data measured
for a real and aged battery. This comparison can be synthesised by the definition of
a new health parameter (An) as the difference between the theoretical efficiency ny,,
calculated using the data-driven reduced order model (ROM) of an average LIB cell
and the one calculated from direct measures (ny,). Here, the problem of modelling a
cell is tackled as a regression of a time series where data are chronologically ordered,
and thus Recurrent Neural Network (RNN) is used to model the function describing
the cell behaviour. In particular, a Long Short-Term Memory (LSTM) is used here
because of its high effectiveness in representing time series and sequential data and
the possibility to account for long-term dependencies. The accuracy of the model is
evaluated through root mean squared error (RMSE). It is calculated for the training
dataset, for a test dataset extracted from the original dataset and for two sets of data
representing a constant current (CC) discharging test, which consists of an off-design
working condition. The best model shows an error of 2.17 mV on the test dataset
and 5.47 mV on a CC discharging test. The results obtained through the application
of the method proposed, are shown by reporting the monitoring process employed for
three active batteries. For each of them, the parameter An is evaluated 11 times
at regular intervals during their lifespan. For each evaluation, both the real battery
and the model are subjected to the same working conditions in terms of current, SoC
and temperature, and thus are directly comparable. The comparison of VE shows an
increase in the life-monitoring parameter An for subsequent calculations, suggesting
that such an approach can be effectively used to estimate age in batteries. Moreover,
the monitoring shows also that each battery degrades differently.

The other work focuses on estimating the capacity of any single cell composing
the battery. It consists of using 4 statistical indicators extracted from the voltage
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relaxation (VR) curve collected after the battery is subjected to a current spike. These
statistical indicators are shown to have a correlation with the actual capacity of the
cell and thus can be used to build up an estimator to estimate the cell capacity. The
functions used to manipulate data and extract the features for each cell are max, min,
var and avg. In the context of the presented work, these statistical indicators are used
to build up a capacity estimator through Machine Learning (ML). In particular, three
different ML models are implemented, to compare them and find out the most effective
one in estimating the cell capacity. Specifically, the models implemented in the work
are the linear regression (LR), Random Forest (RF) and Gradient Boosting Decision
Tree (GBDT). The metrics used to realise the comparison is RMSE. The proposed
methodology requires on-purpose tests. One of the main limitations is represented by
the current spike that may pose a danger to the cells and accelerate their degradation.
To reduce such risk during tests, three different values of the current spike are tested
to find the smallest one resulting in a VR which carries enough information to allow
a proper capacity estimation. The results show that the most effective model is the
GBDT with a VR given by the highest current tested, it shows a RMSE of 0.00184 Ah.

Despite the way of working and the purpose of the two methods are different, the
ultimate goal is the same: to find a methodology that allows one to estimate the battery
life status when it cannot be attached to a charging line.



Chapter 2

Literature Review

As briefly introduced in Chapter [, LIB batteries are the preferred energy storage
system for many applications. The reasons behind the success, are mainly justified by
their characteristic of high energy density and higher power densities compared with
the other chemistries, as shown in Fig.2.1. The picture shows a Ragone plot which is
used to display the characteristics of a variety of batteries. There the specific power
is plotted against the specific energy in a logarithmic scale to allow the comparison of
very different devices. Any class of device is represented by a curve, where each curve
represents the envelope surrounding the performance of different batteries with the
same chemistry . From the plot, it is interesting to notice the wide range of energy
and power densities LIBs batteries can ensure the same base chemistry. Together with
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the properties of high power and energy densities, LIBs also have the properties of
long cycle life with high safety, a continuously decreasing cost and a low self-discharge
which allow charge/discharge cycling with high coulombic efficiencies. [9} [10] [11], [12].
All of these aspects, make the LIBs a very interesting candidate for automotive electric
propulsion, but also allow LIBs to be fascinating for motorsport applications, making
them the most used energy storage device in F1. One of the most critical aspects to take
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care of in dealing with LIBs, is represented by the characteristic variation occurring
while the cells age. This phenomenon is generally referred to as battery ageing and
consists of battery health reduction during its lifespan, bringing to a capacity reduction
and a resistance increase |13, 14]. These effects are directly related to the performance
and safety of a battery and thus is it important to accurately determine the health of
a battery, which can be addressed by the definition of a parameter referred to as state-
of-health SOH |15}, |16], |17, |18]. The SOH, is defined as the ratio between the actual
battery capacity and the capacity at BOL, which can be translated mathematically as

sor =2 100, (2.1)

Qo

where () is the actual capacity and @)y is the capacity at BOL. Given the importance
of the topic, over the years a lot of effort has been made to find a methodology to
accurately describe and assess the effects of ageing, anyway, given the complexity of
the topic, there are still many challenges given by the complexity of internal chemistry
and the difficulty in measuring the required parameters.

The purpose of this chapter is to provide a comprehensive overview of the existing
literature about battery SOH estimation. Here, the literature is analysed with the aim
of giving an overview of the existing methodologies and highlighting the strengths and
the weaknesses of applying any proposed approach to the case under scrutiny.

2.1 Experimental methods

The first SOH estimation class analysed, is the set of experimental methods. They
consist of performing direct measurements of the quantities of interest and using them
to assess the battery SOH. Given the nature of the test, it is time-consuming and
limited to laboratory tests.

One of the most used techniques is the coulomb counting. As the name suggests,
it consists of measuring the charges which flow in or out from the battery during
a CC charging or discharging test respectively. This counting method is one of the
easiest ways to estimate SOH due to the simplicity of the test. The procedure consists
of completely discharging the battery with a known relatively low CC and with a
controlled temperature. The low current is essential to ensure the smallest perturbation
of equilibrium, and the controlled temperature is essential to keep the repeatability of
subsequent tests. Since the capacity is the number of charges which can be stored in
the battery, it can be calculated by measuring the test CC and integrating it in time,

as in Eq.

1 t
Q= 3600 /, 14;dt, (2.2)
where @ is the actual capacity in Ah of the battery, I is the discharging current in A
and ¢ is the time in s. Once the capacity is measured the SOH can be estimated through
its definition as in Eq. 2.1. The procedure to carry out the test makes this procedure
time-consuming and not applicable to real-life scenarios. Moreover, the precision of
the method highly depends on the precision of the measurement instruments since the
error cumulates because of the integral [19, [7].
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Increment of battery internal resistance is a good indicator for battery life sta-
tus. Because of that, researchers developed methodologies to calculate the internal
resistance from measured data. The test consists of applying a known current and
measuring the voltage drop, then by using Ohm’s law, it is possible to calculate the
DC value of the internal resistance [20] as:

AV
R = NE (2.3)
where Ry is the ohmic resistance, AV is the voltage drop and AT is the current pulse
applied |21} [22].

Another methodology to estimate the battery SOH, is by estimating the actual value
of its impedance which, as the resistance, increases with ageing. The measurement of
the impedance is realised with a technique referred to as electrochemical impedance
spectroscopy (EIS). EIS is a powerful technique to study the electrochemical process
inside the cell. It is a non-destructive test used to analyse the dynamic processes
occurring inside a battery [23] 24]. The test consists of applying a perturbation in the
electrochemistry composing the cell through a small sinusoidal alternate current (AC)
over a wide range of frequencies while monitoring the sinusoidal response. The strength
of EIS lies in its ability to extract information about different electrical, chemical and
physical parameters, each of them having a different time constant 7. Time constant is
a measure of the temporal behaviour of a particular process, for the case under scrutiny
it is defined as:

T =RC (2.4)

where R is the resistance (in 2) of a resistor and C' is the capacitance (in F) of a
capacitor. The test allows a high-quality characterisation of the battery health status
[25, 26]. Anyway, its real-life application is complex given the nature of the test which
is suitable only for laboratory. Generally, the measurements carried out through the
EIS are generally used to characterise battery physical models represented via linear
circuitry elements [27].

It is highly recognised that the battery charging curve changes with ageing. Some
authors used the charging/discharge profiles to explore variations in electrochemical
properties of the cell based on voltage measurement under constant current |28]. This
procedure, anyway, does not account for the temperature effect on the charging curve.
Another source of error is represented by the charging times: electric vehicle batteries
are charged before they reach the full discharge, and thus it is impossible to access a
full charging curve. An alternative might be using the constant voltage (CV) charging
curve. Researchers find a correlation between CV charging curve with battery capacity,
and thus with battery SOH |29, 30]. The main limitations of the methodologies using
CV curves are represented by the fact that the CV charging tests are highly time-
consuming, and there is no extensive comparative study on the features of interest.
Another limitation to the applicability is the fact that to get CC-CV charging curves the
battery must be attached to a charging line. This might not be possible for particular
applications such as F1 batteries.

In the last years, differential analysis (DA) methodologies gained a lot of attention.
These consist of applying differential calculations on voltage curves to extract features
related to SOH. The two most effective methodologies are incremental capacity analysis
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(ICA) |31} 32| and differential voltage analysis (DVA) [33| 34]. By differentiating the
charged capacity over the voltage, incremental capacity (IC) curves can be obtained (see
Fig. . The procedure consists of charging and discharging the battery at low CC to
extract a relationship between capacity and cell voltage under quasi-steady conditions.
The relationship is then analysed through differentiation. Both of these methodologies
are a valuable technique to monitor the capacity loss of the battery. Mathematically,
the incremental capacity (IC) is derived as the gradient of charged /discharged capacity
with respect to the cell voltage (see Eq. and differential voltage (DV) curve is
computed as the gradient of voltage with respect to capacity (see Eq. [2.6):

Q@ _ AQ

vV~ AV (2:5)
vV AV
0= 20 (2.6)

At different ageing phases, the ICA and DVA peaks have different amplitude, positions
and shapes which is the main indication of the health of the battery, and thus can be
considered as a sign of battery ageing and degradation [17]. An example of an IC curve
is represented in Fig.
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Battery degradation directly affects system efficiency. Most of the studies focus on
capacity fade and impedance rise, making efficiency less frequently considered. Effi-
ciency is defined as the ratio of the discharged energy to the recharged energy. For
batteries, three different efficiencies can be defined: Coulombic efficiency, Voltaic effi-
ciency and Energy efficiency |35, 36]. The first work defining a direction to calculate the
efficiency of a battery is from Kang et al. [37]. They proposed a novel methodology to
calculate the efficiency of rechargeable batteries based on electrochemical theory. The
methodology is tested on LiFePo, power cells. Redondo-Iglesias et al. [38], analyse the
energy efficiency degradation of NMC and LFP Li-ION cells under calendar ageing.
They find out that the efficiency of cells reduces while ageing goes on. Moreover, they
implemented an empirical model for each chemistry to estimate the efficiency degrada-
tion. Another contribution in this direction is given by Zhu et al. [39]. They examine
coulombic and energy efficiency for Ni-MH batteries at different charge/discharge rates,
showing that both are a function of the charge/discharge rate itself and of the SoC.
Stroe et al. [40] made a comparison between the performance of a 13 Ah high-power
lithium battery at its BOL and at two different degradation levels. The quantities
considered are capacity, internal resistance, open circuit voltage (OCV) and energy
efficiency. Their work highlights that efficiency is a parameter that can be used in
assessing the performance of a battery. Moreover, they find out that the efficiency
decreases while the battery ages, and that the ageing has a huge impact on energy
efficiency. Yang et al. [41], explore the behaviour of Coulombic Efficiency and its re-
lation with capacity fade for cylindrical LiFePo, cells, and Li(NiMnCo)O,, cells. They
used three cells for each type. They find out that for most of the cells, there is a
sharp coulombic efficiency increase in initial cycles, and then it is relatively stable for
several hundreds of cycles. Moreover, they identified a relation between coulombic
efficiency and capacity degradation for each cell type. In particular, they observed
that a reduction in coulombic efficiency corresponds to an increase in the degradation
rate. Eventually, they proposed a relationship between efficiency and capacity degra-
dation which can help in developing battery models, estimate battery SOH and provide
early warnings for battery failure. Despite different typologies of efficiency that can
be defined to assess battery performance, most researchers focused their attention on
coulombic and energy efficiencies, making voltaic efficiency not considered for health
estimation. To the best of the author’s knowledge, there isn’t any contribution in
literature considering voltaic efficiency as a parameter to estimate battery SOH.

Given the importance of the topic, researchers developed different methodologies
to assess the battery SOH in a simple way. Researchers showed that an important
characteristic which can be easily obtained through voltage measurements is Voltage
Relaxation (VR). Voltage relaxation behaviour contains information about the lithium
ions and electrons transportation, and thus it can be used as an indicator on SOH eval-
uation since it is correlated to the capacity. VR can be identified in the potential of
the battery immediately after the current interruption following a charging or discharg-
ing procedure. There, the voltage will continue to vary and return to the equilibrium
OCV. It has been proven that the relaxation process is related to the battery SOH. The
correlation is given by the information about the Li-ions and electrons transportation
in the voltage relaxation process |42 43, 44]. Based on this phenomenon, researchers
developed different ways to properly estimate battery SOH. Uhlmann et al. [44] and
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Liiders et al. [45] used the correlation between VR and lithium plating effect to develop
models to estimate the cell capacity. Baghdadi et al. [43] monitored VR over ageing for
a Li-ion battery. To assess the VR, they measured the OCV of the battery after 30 min
at rest, this quantity shows a linear correlation with the actual capacity of the battery
and the authors developed a linear model to estimate SOH. Their best model shows
a mean error less than the 2%. [46] et al. developed a non-linear structural model to
analyse the VR of lithium batteries. In [47], the authors developed a voltage relaxation
method to estimate the OCV from the experimental investigation of the relationship
between the open-circuit time and the time constant of an RC branch of a model. The
work is then used by Fang et al. [48] as a base to develop an SOH estimation methodol-
ogy based on two model parameters. In particular, they obtained a linear relationship
between the capacity and the model parameters identified in open-circuit time and
time constant. The voltage relaxation data are collected after a CC discharge at 1C
for 180 s and a rest of 2 hours.

The methods presented in this Paragraph, are shown to be effective in detecting
capacity fade and ageing mechanisms. However, effective experimental procedures are
challenging to apply and replicate in real-life scenarios due to the extremely precise
procedures that require sophisticated experimental equipment and the environmental
differences occurring between the laboratory and real life (such as the computational
power available in laboratories compared with that of BMS). Anyway, experiments
can provide insights and data to further develop model-based techniques and different
methodologies such as those based on voltage relaxation.

2.2 Physics-based methods

Despite experimental methodologies that can provide precise degradation information,
they are not suitable to be used in BMS because of the difference existing between
laboratory and real-life environments or the possibility of collecting all the data needed
to properly estimate the required quantities. An approach which can help in this
direction is physics-based modelling. Physics-based methodologies consist of a set
of differential equations describing the cell behaviour. The most studied modelling
approaches in this direction are two: electrochemical models (EMs) and equivalent
circuit model (ECM). These two categories represent the state-of-the-art of physics-
based modelling for batteries.

In EMs, the cell is modelled by considering the chemical and physical laws gov-
erning the phenomenon. A EM model of a LIB, consists of a set of non-linear partial
differential equations representing, with high fidelity, the internal chemical and physical
dynamics governing the battery (see Fig. and its degradation [49, 50]. The models
in this category, are highly accurate, but the large amount of calculations required
might represent a limit, mainly when used on battery management system (BMS). To
overcome these issues, researchers developed a simplified version, referred to as pseudo-
two dimensional (P2D) model. Tt can represent the cell dynamics with high accuracy
but lower computational cost. The bottleneck of the EM, is given by the representa-
tion of the porous structure of the electrodes because of its complexity. In P2D model
the representation, is substituted by the porous-electrode theory using a macroscopic
approach [51]. Anyway, even P2D models are not suitable to be used in BMS because
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Figure 2.3: Schematic diagram of an EM model of a LIB

of the large amount of calculation required.

In ECMs, the battery is represented through linear circuit elements such as resis-
tances, inductors, and capacitors |52, [53, 54| arranged in a series/parallel disposition,
as represented in Fig. Given the nature of these models, they are characterised
by high computational efficiency which makes them suitable for real-time applications.
Anyway, their accuracy strongly depends on the characterisation of the parameters
which delineate the model itself. ECMs are characterised by a high computational
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Figure 2.4: Schematic representation of an ECM of a LIB

efficiency, but their accuracy is strongly dependent upon the characterisation of the
parameters driving the model itself. Most of the time, they are defined following an
experimental approach, which means designing and realise on-purpose tests for pa-
rameter identification, and thus to accurately determine them might be expensive and
time-consuming [55, |56].

In the last years, the availability of data has increased exponentially thanks to
the advent of connected vehicles which record and share data continuously [57]. This
scenario, together with the advancement of ML algorithms, encourages researchers to
explore data-driven applications in battery modelling. The main difference between
these two methods is given by the implementation methodology and the philosophical
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approach: model-based methodologies consist of representing the system through a
set of partial differential equations describing the physical and chemical phenomena
driving the system itself, and thus, they require a deep knowledge of the system to
be represented. Data-driven models build up a black-box model starting from data
measured during on-purpose experiments or real usage and do not require a deep
knowledge of the system to represent, on the other hand, these methodologies are
complex to implement.

2.3 Data-driven methods

The traditional simulation and experiment methods in battery research usually re-
quire large research resources in combination with sophisticated domain knowledge
or experience to enhance the effectiveness of trial-and-error approaches. Data-driven
methodologies consist of using collected data to define a model which approximates a
function describing a particular phenomenon. These methods, rely on the application
of ML to gain insights from data [58].

Before introducing the applications of ML in battery research, it is necessary to
introduce what ML is and how it is applied in scientific research. Here a brief intro-
duction to ML and its history is reported, and the concept is developed in the next
Chapter. Machine Learning is a subset of Artificial Intelligence. The Artificial
Intelligence (Al) is a field of study referring to the technologies to build up comput-
ers that can mimic the cognitive functions of human intelligence, including reading,
understanding and properly answering, and creating a communication connection. A
machine is then said to be intelligent if it can perceive its environment and use learning
to take actions that maximise the probability of achieving defined goals in a variety of
novel situations. The first research contribution globally recognised in this field is the
one by McCulloch and Pitts [59]. They proposed a model of binary artificial neurons
that can be only in an "on" or "off" state, triggered to "on" only in response to a
certain number of stimuli from the neighbourhood neurons. ML is strictly connected
to Al it is a field of study that focuses on developing algorithms and models aimed
at learning from data to enable programs to imitate the way that humans learn. The
first contribution to ML research is from Arthur Lee Samuel [60] in 1959, he published
a paper showing a self-learning algorithm for playing checkers. In particular, Samuel
states that the program learns to play a better game than can be played by the person
who wrote the program and can do this in a short period of time giving only the rules
and a redundant and incomplete set list of parameters. In the paper appear for the
first time the term Machine Learning. Over the years, researchers applied the concept
of ML to different and the mathematical research keeps going and an article defining
the perceptron has been published [61]. Later, in the 1970s, the research on ML slowed
down, and a period called ML winter began. In this period, very little advancement
in the research was done. The AI winter overs in 1980, when Fukushima [62]| proposed
a neural network (NN) for a mechanism of visual pattern recognition. Since then, the
1980s saw an explosion in Al research. In 1982 Hopefield [63]| popularised the recurrent
neural network. Later, in 1986 Rumelhart et al. [64] published the backpropagation al-
gorithm, which is the main algorithm used nowadays to train neural networks. In 1988
Hornik et al. [65] published the universal approximation theorem showing that given
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any function f, exists a sequence of neural networks that can approximate the func-
tion itself. In 1989, Watkins [66] developed a thesis that introduced Q-learning that
improved the applicability of reinforcement learning. Following, in 1992, a ML model
learned to play backgammon and was able to rival the abilities of top human backgam-
mon players. The 1990s, saw the publications of RF, Support Vector Machine (SVM)
and LSTM [67, 68} 69]. Anyway, the main limitations to the explosion of the research
and the applicability of the technology, were imposed by hardware limitations. These
limitations have been overcome in the last 10 years, and thanks to hardware advance-
ments, research in ML made huge steps. This allows the development of models which
are able to beat a human player in the board game Go [70]|, models able to predict the
proteins’ structure |71] and models able to develop highly sophisticated chat-bots |72,
73| such as ChatGPT.

The exponential rise of data availability fascinated also the researchers working on
batteries. They start to apply ML to battery research giving birth to a new field of
study referred to as battery informatics, which is defined as the research field where
ML is used as the main tool for battery data analysis. In battery research, many are
successful examples of the application of ML. For example, in |74, |75, 76| the authors
successfully use machine learning in the field of material discovery, allowing a reduction
in the number of calculations to speed up the exploration of novel materials. Going
to a smaller scale, |77, 78, 79| used machine learning and data-driven methods to
analyse the microstructure of cathodes and anodes. These models are trained using
data collected from physical tests such as X-ray neutron diffraction or nuclear magnetic
resonance. Many other applications of ML to batteries can be found in the literature
such as optimising performance [80] or optimising charging protocol [81].

Given the complexity of the problem and the computational effort required to im-
plement accurate battery models, researchers developed data-driven ROM of battery
to accurately predict its voltage in given working conditions. Due to the strong depen-
dence on prior information, most data-driven models make use of RNNs [82]. Capizzi et
al. 83| implemented a hybrid model through a RNN having a double objective: it is
used as SoC observer and as an estimator for the parameters of a non-linear mathe-
matical model of a lead-acid battery. They concluded that the RNN model is more
accurate than an ECM since having one order of magnitude lower mean square error.
Zhao et al. |84] developed two models using RNN which can be used in place of an
ECM. They used a Gated Recurrent Unit (GRU) model trained with sequential drive
cycle data at three different temperatures. Hong et al. [85] proposed an LSTM model
to estimate battery fault based on the abnormity voltage prediction. The main limita-
tion of their work is represented by the model taking as input the brake pedal signal,
which for some applications might be not available. Their model is trained using data
coming from real-world operational electric vehicles. Zhu et al. [86] used a data-driven
model based on LSTM model with a many-to-many architecture to predict the bat-
tery voltage using as input past voltage, current and SoC information. The model is
trained using data from experiments that are carried out at three different tempera-
tures. Their best model reaches a RMSE of 0.0997 when trained with non-normalised
data at a temperature of 7' = 0°C'. The main limitation of the approaches presented is
the limited amount of temperature values at which the tests are carried out and then
given as input in training and the fact that the model takes, as a feature, the vector



18 Chapter 2. Literature Review

of past voltage values. Anyway, many authors [82, 84, 86| see LSTM as a promising
approach to accurately predict the voltage of the battery and implement a ROM since
the battery has a long time constant.

One of the research branches where ML is applied the most is the estimation of
battery SOH and SoC [87, 88|. In the last few years the number of publications ex-
ponentially rose, matching the growth interest in ML. In the literature, it is possible
to find out a wide range of applications, using desperate algorithms, from simple LR
to the more complex RNN. For example, Severson et al. [89] implemented a LR to
predict and classify cells by cycle lives using discharge voltage curves from early cycles.
The dataset used to train the model consists of 124 Lithium Iron Phosphate/graphite
cells cycled under fast-charging conditions. The best model reaches 9.1% in qualita-
tively predicting the cell life using its first 100 cycles. Won You et al. [90] developed a
data-driven framework to estimate SOH of a battery on the fly by using data coming
from BMS such as current, voltage and temperature while leveraging their historical
distribution. They used a plain Feedforward Neural Network (FFNN) to estimate bat-
tery degradation implementing a high-accuracy model that shows an average error of
2.18%. In |91], Wei et al. proposed a SOH estimation methodology based on extreme
learning machine (ELM). The model is trained on the publicly available Battery Data
Set (NASA PCoE Research Center). With the advancement of chips and the increas-
ing availability of data, researchers have begun to apply DL to the SOH estimation.
Compared with shallow NN, DL models can map more complex functions. In [92]
Zhang et al., implemented a four-layer NN to estimate the SOH of batteries under
a CC discharge. They extracted 5 different features from partial IC curves and pro-
cessed them with a Gaussian filter starting from the publicly available Battery Data Set
from NASA. In [93, 94], the authors use a nonlinear autoregressive exogenous (NARX)
model to estimate the SOH of batteries to account for the possibility of tracking degra-
dation given by RNN. One of the main problems in training RNN is the exploding and
vanishing gradient (see Section . Vanishing or exploding gradient can translate
into inefficient or impossible training. A way to overcome this limitation is by using
a gated RNN. Li et al. [95] implemented a deep LSTM to estimate the SOH of cells
under real-world working conditions using as input the voltage and the time length of a
partial charging curve extracted during a CC-CV charging operation. In the best case,
their model reaches a mean absolute percentage error (MAPE) of 0.76%. Kim et al. [96]
implemented a deep variational LSTM with transfer learning to forecast LIBs degra-
dation pattern. They used three public datasets: CALCE is used to train the model,
Cavendish Laboratory and NASA datasets are used to implement transfer learning to
use the model with different batteries. Despite the high accuracy of LSTM, it might
be too computationally expensive to be used on BMS or embedded systems. In |97,
98] the authors, substitute the LSTM model with a GRU model. They show that the
GRU is less accurate but is more suitable to be used in embedded systems because of
the reduced calculation amount, given by a lower number of parameters.

A research direction explored is that of using voltage relaxation and machine learn-
ing to model the battery SOH. In this direction, Zhu et al. [99] develop ML models to
estimate cell capacity using as input statistical features derived from VR for different
battery compositions: a battery made by NCA cells, one made of NCM cells and one
made by a combination of the two. The VR is extracted after a full charge and 30 min



Chapter 2. Literature Review 19

at rest for the NCA and NCM batteries and 60 min for the combined battery chemistry.
Data are converted into 6 statistical indicators (Variance, Skewness, Maximum, Mini-
mum, Mean and Kurtosis) describing the curve. The experiments to extract data are
carried out on 130 commercial Li-Ton cells cycled in a temperature-controlled chamber
under various conditions. Their best model reaches a root mean squared error (RMSE)
of 1.1%. Anyway, it might be that the length of the test required to extract the data
becomes a constraint, and a shorter data recording might be necessary. Moreover, the
voltage relaxation is extracted after a full CCCV charging, thus it is possible only when
the battery is connected to a charging line. Since the relaxation time used in [99] might
be a limitation for some applications, Fan & Zhang [100] implemented a convolutional
neural network (CNN) to estimate the capacity of the cells with different degradation
paths. The model is implemented using VR data collected for 10 s, which is shown
to be correlated with the capacity. The data used in the work are publicly available
and formed by 28 commercial NCA /graphite cells tested in a constant-temperature
chamber. Their model reaches an average percentage error (APE) of 1.8%. Anyway,
as in the work by Zhu [99], the VR is extracted after a CC charging procedure when
the cell SoC is 100%.

Despite the accuracy shown by the model presented, most of them use, as fea-
tures, data collected during a well-defined discharging cycle or during laboratory tests.
These conditions are not always reproducible for real-life batteries. This is particularly
true for batteries used on F1 cars since it is not possible to access the full or partial
charging/discharging curves.

Models created with ML are often referred to as black-box models since it is complex
to inspect their internal behaviour. Their advantage is given by that they do not
require deep knowledge of the system’s physical laws, and the function mapping inputs
to outputs is derived directly from the data. Anyway, their quality strongly depends
upon the data quality and having high-quality data is, in most cases, highly expensive.
This thesis is going to report a detailed analysis of the two works made during the PhD
period in Ferrari. The objective of the works presented here is to show how battery
intelligence is applied to provide a simple and fast methodology to assess the battery
SOH. In the first work reported, the problem is tackled by implementing a data-driven
ROM of a brand-new average cell to predict the voltage response while working in
given conditions of 7, SoC and T'. To develop the model, the battery is considered as
realised by a series/parallel arrangement of cells all of them behaving the same. The
cell is represented through a deep LSTM model predicting the voltage response of the
battery at the next time step using the actual working conditions and 2 s of history.
The Predicted Voltage is then used to calculate the VE that a new battery should have
while experiencing a given current, SoC and temperature. The VE is compared with
the VE obtained with an on-car battery in order to estimate its health and experience
ageing. To account for the battery health, a new parameter is then defined as the
difference between the efficiency of the new battery evaluated through the model and
the efficiency of the on-car battery, calculated from measured data. The methodology
proposed is tested on three different on-car batteries, for which tests are carried out
during their entire lifespan at regular intervals. The results of the study show that the
method proposed might be effective in estimating battery health.

In the second work, a methodology for cell capacity is proposed. The methodology
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proposed is a simple and fast procedure which can be used when the capacity is not
directly measurable, or it is not possible to attach the vehicle to a charging line. The
work consists of extracting VR after the application of a charging current spike lasting
5 s, when the current is removed data are collected for the following 10 s. The curve
of VR is processed to extract four statistical indicators identified in Maximum (max),
Minimum (min), Mean (mean) and Variance (var) representing the curve It is shown
that the statistical indicators are correlated with the cell’s actual capacity. The inno-
vation reported in this work is given by the fact that the VR is obtained with a current
spike. To the best of the author’s knowledge, this is the first time that VR has been
extracted from current spikes. Anyway, Since the spike in current might be a limita-
tion for battery safety, three spikes of different intensities are analysed and compared
to identify the smallest value that can be applied to generate a response containing
enough information about the actual capacity. The indicators are used to train three
different ML models identified in LR, GBDT and RF to estimate cell capacity and
RMSE are used to compare them to choose the best one.



Chapter 3

Fundamentals of Al

In the era of data, Al is becoming a thriving field for many practical applications and
research activities. Despite the idea of AT and ML is not new, the recent improvements
in hardware development, the increased amount of data and the advances in algorithms
efficiency verified in the last ten years allowed a wide spreading and fast-growing of
such technology, which quickly make AI becoming an integral part of people’s daily life.
Nowadays, it is present in many everyday applications, such as smartphones with voice
assistance as well as in streaming platforms for personalised recommendations or, for
example, in other sectors such as healthcare, finance and automotive, demonstrating
a strong influence in modern society and a broad range of possible applications. This
Chapter is thought to give information about the fundamentals of Al and its develop-
ments. Here, it is reported an introduction to Al and its fundamentals with the aim of
giving an idea and an intuition about this groundbreaking technology. In particular,
here it is given a general introduction to the main concepts driving the development
of AL. Then are underlined the differences between AI, ML and Deep Learning (DL).
Eventually, it is reported a detailed description of the algorithms used to realise the
works reported in this thesis, explaining the mathematics which guides these models,
and their architecture together with an explanation to give an intuition.

3.1 Artificial intelligence, Machine learning and Deep
learning

Since the era of computers, researchers have tried to program intelligent entities - that
is - machines that can perceive their environment and use learning to take actions that
maximise their possibility of achieving defined goals in a variety of novel situations,
mimicking the way human learns. Several definitions of Al exist. Some defined intelli-
gence in terms of fidelity to human performance, while others prefer a formal definition
called rationality, which can be summarised as the "right thing". At the very begin-
ning, efforts were made in the direction of handcrafting a sufficiently large number of
explicit rules for manipulating knowledge. This field of research is known as symbolic
Al which is proved to be suitable for solving well-defined logical problems, but it is
not for more complex problems such as image classification or speech recognition [101],
thus a new field of study was developed referred to as Machine Learning (ML).
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Figure 3.1: Relationship between artificial intelligence, machine learning and deep
learning

ML is a branch of AT that enables algorithms to learn from data. In particular, the
idea behind ML is to implement an algorithm which can learn the governing rules only
by looking at the data, rather than being crafted by programmers. The main difference
between classical programming and ML can be synthesised as given by the fact that in
classical programming people define the rules and provide data to extract answers from
that set of rules, in ML the idea is to provide data and answers to extract the rules. A
ML system is then trained over the data rather than explicitly programmed. A rigorous
definition about what is machine learning is provided by Mitchell [102]: "A program is
said to learn from Experience E with respect to some task 7" and performance measure
P, if its performance P at task T improves with experience E". Tasks T are usually
described in terms of how a machine learning system should process an example, that
is a collection of features measured from the event the ML should process. Typically,
an example is represented as an array © € R", where each entry z; of the vector is a
different feature, the arrays can be concatenated together to form a matrix X € R”™*",
where each entry of the matrix is a vector x representing a particular quantity. Many
kinds of tasks can be solved, such as regression or classification. Regression consists
of a set of statistical processes for estimating a numerical value given some inputs.
Once the model is properly trained, it is able to represent a function from the space
of the features to the space of the labels, f : R® — R™. In classification, a model is
trained in a way that is then able to specify which of the k clusters an input belongs to.
In this case, once the algorithm is trained, it can represent a function that maps the
input space to the clusters’ space: f: R — 1,..., k. When y = f(x), the algorithm
assigns an input described by x to a category identified by y, but it is also possible
to train f to output a probability distribution over the classes. The performance P,
is a quantitative measure to evaluate the ability of an ML algorithm to predict the
correct output for a given task 7. As can be deduced, the choice of the performance
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function is strictly connected with the task to be solved and sometimes can result in a
difficult process. The experience F refers to how a learning algorithm masters the data
from which it learns. The easiest angle from which the experience can be described is
by dividing the problems in two: supervised and unsupervised. To implement a ML
model, it is essential to have three things:

e Input quantities, generally collected in a multidimensional array, referred to as
dataset. The quantities contained in the dataset are also referred to as features;

e For some kind of experience E, it might be necessary to have examples of the
expected output - also referred to as label or target;

e A proper way to measure whether the algorithm is doing a good job - useful to
understand the distance between the model’s outcome and the expected output.
It is used as feedback to adjust the way the algorithm works.

A ML model transforms input data into meaningful outputs through a set of rules
inferred from data during a fitting phase that is defined as training phase. During
the training phase, the model is exposed to a set of inputs and, if needed a set of
labels, which are used for the learning process that consists in looking for rules that
can represent a phenomenon described by the data. Fitting a model can be thought
of as a procedure for selecting the most proper function to represent the data. The
function is chosen from a set of possible functions. The space composed of all the
functions is called hypotheses space.

As evidenced in Chapter 2, ML can be used in a wide range of environments and
applications. Depending on the purpose of the model and on the particular field stud-
ied, the learning process can vary. In particular, it is possible to identify three main
learning paradigms:

e Supervised Learning;
e Unsupervised Learning;
e Reinforcement Learning.

A schematic representation of the three paradigms can be seen in Fig.

Supervised learning consists of training a model in a way that it can map input data
to known values. The training procedure consists of using as input a set of examples
together with the corresponding desired output such that the algorithm can recognise
patterns and learn, similarly to how humans learn from experience and examples. In
supervised learning, the model observes input-output pairs and learns a function that
maps from input to output. The most appropriate function is extracted from the
hypotheses space defined by the data used during the training phase. The goal is
to have a model general enough to be able to correctly determine the output of data
never seen before. In unsupervised learning, the model learns patterns in the input data
without any explicit feedback (the output value is not available). The model tries to
learn patterns exclusively from unlabelled data looking to find similarities, differences
and structures in input data. It can be applied to different kinds of analysis, such
as clustering, dimensionality reduction or anomaly detection. Reinforcement learning
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is an interdisciplinary area of ML and optimal control concerned with how a model
learns to make decisions in a dynamic environment to maximise cumulative reward.
Different from supervised learning, reinforcement learning does not need labelled data
or suboptimal actions to be explicitly programmed. It only focuses on the exploration
of a particular context and taking actions which maximise the reward. It is inspired by
behavioural psychology, in particular the way humans and animals learn through trial
and error and reward and punishment. For the works reported in this thesis, it is used
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Figure 3.2: Schematic representation of the three main paradigms of machine learning:
a) Supervised Learning, b) Unsupervised Learning and ¢) Reinforcement Learning

only the Supervised Learning paradigm, and thus, here this topic is explored in deep.
Any problem faced in the context of this thesis can be seen as a regression problem.

3.1.1 Supervised Learning

A model is learning if it improves its performance after making observations about
the environment. When a computer observes some data, builds a model based on
that data, it is called supervised learning. More specifically, given a set of n examples
input-output pairs

(mhyl)v (w% y2)7 T (wmyn)a

generated by an unknown function y = f(x), a supervised learning task consists in
discovering a function f that approximate the true function. The function f is called
hypotheses. Such function is extracted from a hypothesis space H containing all the
possible functions defined by the data available. In the dataset, any entry «; of the
array « is a different feature and any entry y, of the label array vy is referred to as ground
truth, that is the true answer required to the model. To effectively extract the function
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from the hypothesis space, it is necessary to properly define H, this can be done by
having prior knowledge about dependences upon the variables in the dataset (such as
in the case of a physical system with well-known governing equations) or through an
exploratory data analysis (EDA) which consists in statistically analyse the variables
composing the dataset. In cases where there is no knowledge about the system that
generated the data and the EDA is not effective, a way is to try multiple hypotheses
spaces and choose which one works best. The function is the one for which each f (x;)
is as close as possible to y,, this is particularly true for continuous-valued output, for
which it is not possible to expect an exact match between ground truth and predictions.

As briefly introduced, it is essential for any ML model to be general. Generalisation
refers to the ability of the model itself to be able to make correct predictions on
data never seen during training. To ensure generalisation, the prediction ability of
the hypotheses function can’t be evaluated over the same dataset used to extract the
function itself from the hypotheses space. It is thus necessary to define a second dataset
(most of the time extracted as a sub-dataset from the original one before training)
composed of data not seen during the training procedure. This is important because
the generalisation performance is used to guide the choice of the learning method, of
the model and to have a measure of the quality of the final model. Typically, ML
models have parameters to be tuned, referred to as hyperparameters which varies the
complexity of the model and affects its accuracy and generalisation ability. Because
of that, it is important to properly tune such parameters in order to minimise the
estimation error. Generally, the best approach is to divide the original dataset into
three sub-datasets with different number of observations:

e Training dataset;
e Validation dataset;
e Test dataset.

The training dataset is used to fit the model, that is the process with which the model
learns from the given data, the validation dataset is used to assess the generalisation
accuracy of the model while the training goes on and to set the hyperparameters,
while the test dataset is used to assess the generalisation performance of the model
once training is completed. A schematic representation of a split dataset is reported
in Fig. There, the starting dataset is subdivided in three different parts, each
composed of a different quantity of examples. In general, there is no rule on how
to choose the number of observations for each dataset, as this strongly depends on
the quality and the quantity of data in the original dataset. The definition of three
different datasets, allows the programmer to understand if the ML model is learning
correctly while fitting goes on, and helps in detecting if the model is general enough.
This arises from the necessity of finding an equilibrium between the generalisation of
the model and its optimisation. In this context, optimisation refers to the process of
adjusting the model hyperparameters to reach the best performance on training data,
while generalisation refers to the ability of the model to properly perform on never-seen
data. This is a necessary topic to account in ML training because any approximation
function f extracted from the hypotheses space, is affected by error, and thus it is
necessary to find out the best compromise.
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Figure 3.3: Example of how a dataset can be subdivided into training, validation and
test subsets to properly train an ML model

3.1.2 Errors in function estimation

As introduced above, one should not expect an exact match between the outcome of
the model and the ground truth value. Moreover, it is important for the model to
have the ability to generalise. Generalisation is defined as the ability of a model to
make accurate predictions, with respect to the expected outcome, over data that are
not used during the training process. The generalisation accuracy of this is extremely
important because may drive the choice of the learning method and give a metric to
evaluate the quality of the model.

Despite the quality of the data and the complexity of the model, in function esti-
mation, there is an error which cannot be avoided. Consider the assumption that the
data are representing a function y = f(X) describing the relationship between X and
y. The goal of a ML model is to create an approximator ¢y = f(X) that can represent
f- Anyway, all the ML models are affected by an error which cannot be predicted, and
thus is always affecting the outcome, and thus the approximation of any ML model is
of the form:

=f(X)+e, (3.1)

where € represents the part which is not predictable. Such error can be thought to be
given by the sum of two contributions: bias and variance [103].

By assuming a relation as the one in Eq. the expected error of a predictor f in
a point x = o with E(e) = 0 and Var(¢) = o2, where E represents the expected value
and Var is the variance, can be derived. Using the min squared error (MSE) as a loss
function (see Eq. [3.38)), the expected prediction error can be represented as:

Err(zg) =E {(y - f(a:o)>2| X = xo} : (3.2)
Given the definition of Var being:
Var(X) =E [(X — E(X))?] = E(X?) — E(X)?, (3.3)

with X being a random variable. After some calculation and using the definition
in Eq. this becomes:

Brr(X) = o2 + [B(f(w0) ~ fla)| +E [(fle0) - E(f@o)] . (34)
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By remembering the definition of Bias

Bias(f (), f(z)) = E(f()) — f(x), (3.5)
and using it in Eq. it is possible to obtain:

Err(z) = 02 + Bias®(f(z0)) + Var(f(zo)) (3.6)

— Trreducible Error 4+ Bias? + Variance.

In Eq. the first term represents the error which cannot be avoided in estimating
a function, no matter how well it is represented, unless 0> = 0. The second term is
the squared bias, that is the squared value of the amount by which the average of the
estimations differ from the true mean. It is generally given by the erroneous assumption
made in the learning algorithm or by the restriction of the hypotheses space. When
the bias of an estimator is high, the hypothesis is said to underfit the data. The last
term represents the variance, a measure of dispersion. The variance of an estimator
represents the amount of change in the prediction due to fluctuations in the training
data. When the variance of an estimator is high, it is paying too much attention to
the training dataset, it is referred to as an overfitted estimator. Generally speaking, if
the generalisation error is measured via MSE, increasing the complexity of the model
the Bias decreases and the Variance increases, as can be seen in Fig. 3.4l The best
trade-off is reached with a model complexity that allows to reach the minimum total
error.
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Figure 3.4: Representation of the Bias, Variance and total error as a function of the
model complexity

In the remaining parts of this Section, it is reported the mathematical formulation
of the algorithm used to develop the work about the cell capacity prediction. These
are LR, RF and GBDT.
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3.1.3 Linear regression

Linear regression is a ML method for modelling a relationship between a set of inputs
and a set of outputs under the hypotheses of linear dependence between them (or,
at least, a reasonable approximation). Given a set of independent variables X =
{x1,@2,...,x,} where each ¢; € R™ ¢ = 1,...,n is a column vector representing a
feature, and a set of dependent variables (or labels) y = {y1,%2,...,%,}", the linear
model can be expressed as:

y = X0 + 6, (3.8)

where X € R™*" represent the matrix composed of m examples and n features, y € R™
is the column array of the targets, @ € R" is the column vector of the parameters and
0y € R" is the bias vector [104]. It is important to point out that for the current treats,
it is considered the case of multidimensional input and monodimensional output. In
the case of multidimensional output, the treat would be the same, but the output array
is a matrix, which can be expressed as Y = {y1,y2,....,y&}, ¥ € R™; Y € R™** The
objective is to estimate the parameters 6; € 0 that satisfy the Equation This can
be done by minimising the residual sum of squares (RSS), defined as:

n

RSS(0) = 3 (s — )" (3.9)

i=1

By considering Eq. and by including the bias array in the parameter array, it can

be written as:
n

RSS(0) = ) (v — X:6)*, (3.10)

i=1
where y is the ground truth and g is the predicted value. By re-writing in matrix
notation (since it is easier to characterise), it becomes:

RSS(0) = (y — X0)" (y — X6). (3.11)
By differentiating with respect to @ becomes:
ORSS

—_— — — T —_

F RS T (3.12)
——— =2X'X.

0600

Since RSS(0) is a quadratic function of the parameters 6, it is possible to state that
always exists a minimum, but such minimum might not be unique. To ensure the
existence and uniqueness of the minimum point, it is necessary to assume that X is a
full rank matrix, which means that XX is non-singular and positive definite. In this
condition it is ensured that the minimum point is unique and can be determined by
forcing the first derivative to zero:

XT(y—X0) =0, (3.13)

and by inverting the system )
0= (X"X)'XTy. (3.14)
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The predicted values for an input X can thus be determined as:
y=X0= X(X"X)'XTy. (3.15)

The advantage of using a linear model is given by is its simplicity and clarity.
Moreover, the linear model allows an easy comprehension of the relationships existing
between the input and the output. It is also highly explainable, giving the possibility
to easily understand the reasons for a certain output given the input. On the other
hand, the main limitation is represented by the fact that LR considers the relationship
as perfectly linear. A representation of the outcome obtained from the linear model is
reported in Figure There, it is possible to observe that the simple linear regression
with only one independent variable results in a straight line. By generalising, it is
possible to say that when the output dimension is enlarged up to the n-th, the outcome
of the model becomes a hyperplane with dimension n.

3
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Figure 3.5: Representation of a simple univariate linear regression

3.1.4 Ensemble methods

The other two ML models used to realise the work about cell capacity estimation
described in this thesis, are Random Forest Regression (RF) and Gradient Boosting
Decision Tree (GBDT). These two models belong to a ML paradigm called Ensemble
Learning. Ensemble methods are a class of models that combine the prediction coming
from several base estimators (often referred to as weak) to improve the robustness of the
final outcome compared to the one coming from a single estimator. The resulting model
built this way, is generally more accurate than any of the individual weak estimators
composing the model itself [105]. The basic estimator can be chosen to be any kind
of model such as decision tree (DT) or NN. In the context of the work about capacity
estimation, it is applied to D'Ts, and it is used to create RF and GBDT.

In the next sections, the main working principle of DTs is illustrated. Then the
concept of RFand GBDT and the methodologies to build up these models are reported.
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To realise the work reported in this thesis, it is used the Python library scikit-learn, a
free and open-source machine learning library for Python, supporting supervised and
unsupervised learning [106]. The mathematical formulation reported here is about the
training algorithms used by the library.

Tree-based methods

Since in the context of this work, the ensemble learning methodology is applied to
DTs to implement RF and GBDT, before treating these it is essential to introduce and
explain what a DT is and how it works. DT is a class of non-parametric, supervised
learning algorithms that creates a model to predict the value of one or more target
variables by learning decision rules inferred from the data. This is realised by building
up a hierarchical structure of which a general representation is reported in Fig. |3.6
There, it is possible to observe that a DT is made by four main components:

e Root node, which does not have any way to import data, works as an input node;
e Branches, paths followed by data feeding child nodes;

e Decision nodes, deriving from other nodes and conducting evaluations on sub-
datasets coming from parent nodes;

e Leaf node, that is the final node which makes the estimation.

Decision Node

Sub-Tree Decision Node

A ————————

Leaf Node Leaf Node Leaf Node Decision Node
Leaf Node Leaf Node

Figure 3.6: General representation of a Decision Tree structure

Over the years, different algorithms have been developed to implement and grow a DT:

e Iterative Dichotomiser 3 (ID3) [107]. The algorithm creates a multiway tree for
classification by finding for each node the feature that yields the largest informa-
tion gain. Trees are grown to their maximum size and then are pruned to improve
their ability to generalise on unseen data. The algorithm begins with the whole
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dataset in the root node and, at any iteration, it calculates the entropy H E]or the
information gain (IG)P] looking for its minimum or maximum respectively. Based
on the values, the set is split to produce subsets of the original data. Recursion
continues until a stopping condition is met. The main limitation of this algorithm
is given by the fact that the features must be categorical, ID3 can’t work with
numerical features. Moreover, ID3 does not guarantee an optimal solution since
it can converge on local minima and can easily overfit;

e (4.5 is the successor of ID3, the major difference is given by the fact that the
constraints on the features is removed giving the possibility to use also numerical
variables. The algorithm converts the trained tree into sets of if-then rules;

e (5.0 1is the last version of the above and is distributed under a proprietary licence.
It is more memory efficient and accurate than the others;

e Classification and Regression Tree (CART) [108], which differs from the two above
since supports numerical variables as targets (regression). It creates binary trees
using the features and threshold that yield the largest 1G.

The library used in this work to implement the ensemble algorithm is scikit-learn,
which makes use of an optimised version of the CART algorithm. Because of that this
thesis it is only reported the mathematical formulation of the CART [106].

To give an intuition about the working principle of decision trees, consider a binary
regression problem, with inputs x; and x5 and output a continuous variable y. The DT
learning, is made by dividing the feature space into smaller sections. For each section,
the outcome of the DT can be modelled as the average of the observations belonging
to that particular region. The result of the division of the feature space is represented
in Fig. [3.8] There the feature space is divided in 5 different regions Ry, Ry, . .., Rs each
determined by choosing 4 threshold values tq,...,f;. The regression model built up
this way, predicts ¢ = f (x) with a constant value ¢, in the region R, as:

ot

f@) =" cnl((1,72) € Ry)), (3.17)

m=1
where [ is the indicator function, ¢, is the average of the observation belonging to the
region R,,. An indicator function of a subset S of a set is a function that maps the
elements belonging to the considered subset to one and all other elements to zero, it

can be defined as:
lifzeS
I(z)={ "7 . (3.18)
Oif x ¢S
The model built up can be represented as in Fig. As can be seen, the whole

'In information theory (IT), the entropy of a random variable is the average amount of uncertainty
inherent to the variable’s possible outcomes. Given a random variable X € x, distributed as p: x —
[0, 1], it is defined as:

H(X) == p(x)log(p(x)) (3.16)

zeX

2In ML, IG is used as a synonym of mutual information. It is a measure of the dependence between
two random variables. It quantifies the amount of information obtained for one variable by observing
the other.
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Rs  Rs

Figure 3.7: Regression tree corresponding to the partition represented in Fig. 3.8

dataset, at the beginning, is at the top of the tree (root node). The observations are
then split based on some conditions up to the leaf nodes which correspond to the regions
the feature space is divided into. The process of splitting is iterative and continues
until a stopping rule is verified.

As introduced, Scikit-learn uses CART algorithm to build up a regression tree. To
explain the algorithm, suppose to have an initial dataset X composed of n features and
label dataset containing a response y for each of the m observations, such that each
observation is a couple (x;,y;) with i = 1,...,n and x; = (x;1,...,2;,). Given this
condition, the feature dataset is X € R™*™ and the label one is y € R™. The algorithm
has to automatically find splitting variables splitting points and the topology the tree
should have in order to build up the tree itself. Suppose, also, to have a feature space
divided into k regions Ry, ..., Ry, thus the model response is modelled by a constant
¢; in each region as:

flz) = Z &l(x € Ry). (3.19)

By adopting the minimisation of the sum of squares as a criterion (see Eq. [3.9), the
predicted best constant ¢; is the average of the observations y; belonging to the region
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Figure 3.8: Representation of the partition made by DT in the bi-dimensional feature
space.

R;, is given by:

1

o (3.20)
with n; number of observations in the region R;. The procedure of finding the best ¢, in
terms of the minimum sum of squares on the whole dataset would be computationally
intensive since would be necessary to consider every possible partition of the feature
space. To reduce the complexity, it is possible to proceed with a greedy algorithm
to make a locally optimal choice. Starting with all the data (at the root node), it is
chosen one splitting variable z; and a splitting threshold for that variable s, used to
divide the starting feature space into two half-hyperplanes, such that:

Ri(x;,s) = {z|z; < s} and Ry(xj,s) = {x|z; > s}. (3.21)

Then seek for the splitting variable z; and the splitting threshold s such that each
region deriving from the split is as purer than possible which means having the most
values respecting the condition, this can be done as:

. . o 2 . o 2
min | min Z (yi —c1)* + min Z (yi — )7 (3.22)
z;€R1(j4,s) x;€R2(j,9)

That for any choice of 7 and s the inner minimisation is solved by
= Y gand p=— Y (3.23)
¢ = — and ¢, = — . .
1 " ’ Y 2 g ’ Y
yER1(j,5) yER2(j,5)

For each splitting variable x;, the determination of the splitting threshold s can be
done quickly, and thus it is possible to scan all the combinations to find out the best
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pair (z;, s) This splitting procedure is recursively repeated on all the resulting regions
until a stop condition is met. Tree size, is a tuning hyperparameter which governs the
model complexity and the optimal size should be adaptively determined from the data.
A large tree may overfit, while a too-small tree may not capture the most important
information available in the data. To mitigate these effects, the strategy adopted is
that of creating a very large tree and stopping the process only when some stopping
criteria are met. Then the large tree is pruned using the cost-complexity pruning,
which reduces the dimension of a tree and avoids its overfitting. To prune a tree, it
has to be defined the expected complexity measure C(T") of a tree T" C Tj has to be
defined as a subtree of the original tree T by removing any number of internal nodes
which are not terminal. The complexity of the resulting tree T' is measured by the
number of its terminal nodes and can be indicated as |T|. For a regression problem,
the cost-complexity measure is defined as:

C.(T) = C(T) + a|T, (3.24)

where R(T) is the sum of squared errors at the region R,,:

C(T) = (yi — ém)” (3.25)

1€ERm

The term « is the complexity parameter that controls the trade-off between the tree’s
complexity and fit. Large values of « result in smaller trees, and vice versa, small values
of a results in large trees. For each «, there is a unique subtree T, that minimises the
C,. To find the tree, it is recursively collapsed the internal node that produces the
smallest pre-node increases in cost C(7'), and continues until it is produced by the
root node. This gives a finite number of subtrees, and it is possible to show that the
sequence must contain T,. Once the optimal « is determined, it is used to prune the
initial tree T to obtain T'(«).

DT has several advantages that make it very useful for regression problems. The
main advantages include the automatic feature selection, making DT highly insensitive
to useless features, computational efficiency also for large datasets, automatic handling
of unknown values in the features, possibility to handle both numerical and categorical
variables, insensitivity to the scale of the feature and, last but not least, the explain-
ability which allow to easily extract the relationship between the inputs and the output.
On the other hand, DT for regression has low accuracy in several domains given by
the piecewise constant approximation provided to build the tree and they are unstable
with respect to small changes on the data [109].

Gradient Boosting Decision Tree

The goal of function approximation is to find an estimator f (X)) that maps X to y
such that the expected value E of a specified loss function is minimised, over the joint
distribution of all the (x;,y;) values. Given a training dataset (X,y) composed of
random input and labels, the problem goal is to find an approximator function f , such
that over the joint distribution of all (y,x) values, the expected value of a specified
loss function is minimised

J(X) = arg min By x L(y, F(X)). (3.26)
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Boosting is one of the most powerful learning methodologies. It consists of constructing
additive regression models by sequentially fitting simple base learners to actual resid-
uals by least squares at each iteration. The residuals on which the subsequent learners
are trained are the gradients of a certain loss function with respect to the model values
at each training data point. The generic additive expansion for the approximation of
a function is of the form

(X B;,a,) = Zﬁj (X:a;). (3.27)

There, the function h(X;a;) is generally a parametrised function of the input variables
X and the parameters a. Here it is reported the case when the function is a tree
produced through the CART algorithm, and thus, by using the same terminology of
Par. the base learner can be written as function of X and s, where X is the
feature matrix and s containing splitting variables. It assumes the form h(X;s;).
Boosting approximate the function f by an expansion of the form:

X) = Zﬁjh(x, s;), (3.28)

where [ represents the expansion coeflicient and h(X, s;) represents the base learner.
In boosting, the expansion coefficient and the parameters s are fit to the training data
in a forward stage-wise manner. To do this it is necessary to begin with a guess on
F(X). Let the initial guess be fo(X), and then for any j =1,2,...,m

(Bj, 8;) = arg min > L, fma (@) + Bh(w;, 9)), (3.29)
.
and A A
fn(X) = fin1(X) + Bh(, ) (3.30)

Gradient boosting solves the Eq. for arbitrary differentiable loss function L(y, f(X))
with a two-step procedure. The first step consists in fitting the weak learner h(x;, s;)
by least-squares:

s; = arg rrslipnz (Fjm — ph(X,8,))7, (3.31)
v

to the current residuals

o laL(yj7f(Xj)) ’ (3.32)

Yjim = ~ ]
0f(X;) F(X)=frn—1(X)

then, given the estimator h(X, s;), the optimal value of the coefficient f3; is calculated
as:

B —argmmZL Yjs Fn1(X5) + BR(X 5, 8m)). (3.33)
J=1

The approach described above replaces a function optimisation problem as the one in
Eq. with a problem based on least-squares (see Eq{3.31)) followed by a parameter
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Regressor Regressor Regressor

Figure 3.9: Example of a boosted gradient for GBD'T implementation.

optimisation as reported in Eq. based on a general loss function L. A schematic
representation of the working principle is represented in Fig. [3.9

At each step, the solution tree is the one that minimises Eq. given the current
model f,—1(x;)

The final approximation is given by:

Fn(X) = frn1(X) +venI(X € Ry, (3.34)

where v represents the shrinkage parameter. It is defined such that 0 < v < 1.

Random Forest Regression

The other ensemble model used in this work is Random Forest Regression. As for the
GBDT, also Random Forest Regression combines multiple weak learners to create a
robust and accurate model reducing its variance. Random Forest is composed of a
collection of D'Is, where each tree makes an individual prediction. The final prediction
is then determined by taking the average, or the weighted average, of the predictions
from all the trees. The idea in random forest is to reduce the variance by a reduction
in the correlation between the trees. This is achieved with a tree-growing process
through random selection of the input variables. Before continuing with the description
of random forest it is necessary to introduce the concepts of bootstrap and bootstrap
aggregation (bagging). Bootstrap provides a way to assess uncertainty by sampling
from the training data. Suppose here to have a training dataset Z = z,..., 2y,
with z; = (z;,7;). Bootstrap consists of extracting b datasets of dimension n with
replacement from the original training dataset and fitting a chosen model for each
of the b random datasets. Bagging consists of training a regressor for each of the
b bootstrapped datasets, as represented in Figf3.10] and making the average of the
predictions of any regressor. For each boost sample k, £ = 1,...,b, a model is fitted
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Figure 3.10: Example of bagging for random forest implementation.
whose prediction is f* (X). The bagging estimation is thus given by:

b
1 N
Frag(X —35 P (X (3.35)
k=1

Regression trees are the ideal candidate for bagging because if grown sufficiently deep,
have relatively low bias. Moreover, since each tree generated in boosting is identically
distributed, the expectation of an average of b trees is the same as the expectation of
any one of them. That means that the bias of the bagged tree is the same of any single
tree and thus the only improvement can be made on the variance
By considering b identically distributed random variables, each with variance o2,

has a variance of %02, if they have a positive pairwise correlation p, the variance of the
average is given by:
Lo,

2 .
As b increases, the second term decreases. Thus, the size of the correlation between
the pairs of bagged trees limits the benefits of the averaging. Random forest is used
to improve the variance reduction of bagging by reducing the correlation between the
trees, without increasing the variance, and this can be achieved in the growing process
through random selection of the input variables. After that b of such trees are grown,
the random forest regression prediction will be of the form:

i (3.37)

po? + (3.36)

frf

Q‘Il—l
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where s; is the parameters array of the ¢ — th tree in the random forest, containing
splitting pints, splitting nodes and terminal-nodes values.
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3.2 Deep learning

In the previous Chapter, it is given an overview of the main concepts of ML together
with the mathematical formulation of the algorithms used to realise the work about
capacity prediction presented in this thesis. In the following paragraphs, it is given
an introduction to deep learning, what it is and which is the mathematics behind this
concept. Eventually, a deep overview of the LSTM algorithm is reported.

Deep learning is a specific subgroup of machine learning that puts emphasis on
learning successive layers of increasingly meaningful representation. These layers are
learned through models called neural networks and are stacked on top of each other.
The adjective "deep" refers to the fact that multiple layers are stacked to build up the
model. This particular architecture is thought to have long computation paths that
allow variables to interact in complex ways being sufficiently expressive to capture
real-world complexities for many important kinds of learning problems.

3.2.1 Technical notes of Neural Networks

A deep feedforward network is the base of deep learning modelling. As for the appli-
cation of ML, the goal is to approximate a function y = f(X) by defining a mapping
function ¢ = f(x,6) and determine the parameters 6 that results in the best function
approximation. These models are called feedforward neural networks. The name arises
from the fact that it is not present in any connection that feeds back the output into
the network itself. When this feedback exists, they are called recurrent neural networks
(RNNs). The world network is given because they are typically represented by compos-
ing many different functions. For example, having three different functions f(1), £
and f®) they are connected in a chain to form f(x) = f®(f@(fM(x))). This is the
most common structure of a neural network where the f(1) is called the first layer, f®
is the second layer and f® is the third layer and so on. A graphical representation of a
general NN is reported in Fig. The overall number of layers of the chain is called

Figure 3.11: General scheme of a feed-forward neural network. This particular archi-
tecture uses one input layer € R3, two hidden layers € R® and one output layere R!

depth of the model and the number of nodes of each intermediate layer determines the
width of the network. The behaviour of the other layers is not directly specified, the
training algorithm has to decide how to use these layers in order to match the output.
Since the intermediate layers don’t show the desired output, these layers are referred
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to as hidden layers. By supposing that the intermediate layers of the NN provide a set
of hidden features defined by h = f(x, ), the role of the output layer is to transform
these hidden features to complete the task the NN is built for. With reference to Fig.
the network represented is composed of an input layer, two hidden layers defining
the NN depth and one output layer. As can be seen, each hidden layer is composed of
5 nodes, this defines the width. As briefly introduced, the objective of the training is
to derive a function f(x) to approximate f(x). BEach example @ is paired with a label
y = f(x) which drives the learning path of the neural network. Neural networks can be
thought to be efficient non-linear function approximators which use gradient descent
to minimize an error function, they are designed to achieve statistical generalisation.
Neural networks are thought to extend the limited capability of linear models, despite
that linear models are easy, computationally cheap and can be fitted efficiently, they
are limited to linear function only, and thus cannot be used in these contexts where
the relation is not linear.

One way to model the non-linear function of an input X is to apply a linear func-
tion to a transformed input ¢(X), where ¢ is the non-linear transformation which
gives a new representation of X. The strategy applied by using DL, is to learn the
function ¢. The approach consists in having an estimator y = f(X, 0, w) and making
a parametrisation as ¢(X,0)wT. The parameters 6 are used to learn the particular
¢ from a wide class of function and the parameters w are used to map ¢(x) to the
output. This is an example of a hidden network with ¢ defining a hidden layer. Deep
learning, have introduced the concept of hidden layer. To properly design each hidden
layer, it is required to choose an activation function that is used to compute the output
of each node. Training a NN, is not much different from training any other algorithm
of ML with gradient descent. The main difference is given by the fact that the non-
linearities occurring in neural networks, cause some loss functions to be non-convex.
This translates in using an iterative gradient-based optimisation algorithm to drive the
cost function to very low values, instead of applying convex optimisation algorithms
with global convergence guaranteed. Gradient descent (or stochastic gradient descent)
applied to non-convex functions, has no such convergence guaranteed and is sensitive
to the values of the initial parameters. Most of the algorithms used to train NN are a
particular refinement of the gradient descent algorithm.

An important aspect in designing a NN, is the choice of the cost function. Generally,
the cost function is made up by combining a primary function with a regularisation
term. Despite the wide range of applicability for NNs, in the context of this work the
model is used for regression problems, and thus, to learn conditional statistics of y
given X. Suppose to have a predictor f(X,O) and use it to predict y. If the NN
is sufficiently powerful, it is possible to think that it is able to represent any kind of
function y = f(x) described by the features collected in a matrix X. In this case, it is
possible to build up a cost function that has its minimum value when the approximator
corresponds to the function that maps X to the expected value of y. The introduction
of a cost function is important to define a methodology to assess the performance of
the model, which is generally evaluated as a measure of the deviation of the model
outcome from the ground truth. The goal of the training is to minimise such function
to have outcomes as similar to the ground truth as possible. The choice of the loss
function is crucial for the proper working of the model because:



Chapter 3. Fundamentals of Al 41

e [t drives the model during the training phase, and it is the basis for the optimi-
sation process. It is used by gradient descent algorithms to optimise the model’s
parameters;

e It provides a benchmark to evaluate model performance;

e The type of loss function affects the learning, including how fast the model pa-
rameters are updated and what kind of errors are penalised more heavily.

The most used cost functions for regression problems are MSE, RMSE and mean ab-
solute error (MAE).

MSE, is defined as the average of the squared difference between the predicted
values and the actual values:

N
1 .
MSE = > (i — 4i)”. (3.38)
=1

The MSE function is easy to understand and is differentiable, and thus it is suitable
for gradient-based optimisation problems. Due to the presence of the square, using
MSE as a loss function means that larger errors are more penalised. This can ensure
that the trained model does not have large error predictions. RMSE is defined as the
square root of the MSE, it offers the same intuition behind the MSE but is measured
with the same units of the predicted variable. Its mathematical definition is:

(i — 9i)?)- (3.39)

i=1

1
RMSE = , | (=
(N
MAE, instead, is defined as the absolute value of the difference between the predicted
value and the ground truth as

N
1
N;w il (3.40)

The advantage of using MAE as a loss function is given by the fact that all the errors
are weighted the same, and thus there is no effect of magnifying the larger errors. The
choice of the cost function is tightly related to the choice of the output layer.

Another important choice to be made in defining NN, is that of choosing the activa-
tion function giving the output of the nodes for each of the hidden layers. The design
of hidden units is still a research area and there is not a theoretical guide for this
choice [103]. Most of the hidden units composing a NN, can be described as accepting
an input array X, computing an affine transformation as,

z=W'X +b, (3.41)

and then apply an element-wise activation function g(z). Depending on the task the
NN is built for, different activation functions can be used for the output layer, such
as linear or sigmoid. Actually, there is not a general approach to select the correct
activation function for the particular task, it can only be done through a trial and
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error approach and by using the intuition given by the knowledge of the functions.
The most typical choice for feedforward neural networks is the rectified linear unit
(ReLU), defined as:

g(x) = max(x,0). (3.42)
The plot of ReLLU is represented in Fig. [3.12] The advantages of using ReLLU activation

Figure 3.12: Plot of the ReLLU

function consist in having an efficient computation since it is very similar to the linear
unit. The only difference is that ReLU outputs zero for half of the domain. By
analysing differentiation, the ReL'U definition allows to have a derivative which is large
whenever the unit is active and a null second derivative anywhere. This means that the
gradient direction is more useful for learning than it would be for different activations
with different peculiarities. It is to be noted, moreover, that the ReLU, as occurring for
other activation functions, is not differentiable at any point. This means that the units
cannot learn with gradient-based methods on examples where their activation is zero.
Anyway, since it is not expected to train to reach a point in which the gradient is exactly
zero, this is acceptable for the minima of the cost function, to correspond to points
with an undefined gradient. To overcome such limitation, different generalisations of
the ReLLU can be used to guarantee the gradient exists in any point, as in leaky ReLU,
absolute value rectification or parametric ReLLU.

Before the introduction of ReLU, activation functions for neural networks were
sigmoid and hyperbolic tangent. The sigmoid function is a special form of the logistic
function: a set of S-shaped curves. It is defined as

g(x)=0(x) = : (3.43)
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As Fig. 3.13 shows, this particular function saturates to 1 for large values of x and
to 0 for small values of x, and it’s extremely sensitive only when the input is close to
zero. The advantage of using a non-linear function as activation, such as the sigmoid
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Figure 3.13: Plot of the sigmoid function

function, is the possibility of including the non-linearities in the function representation,
and thus having the possibility to represent non-linear domains. Anyway, the saturation
can make gradient-based learning very difficult, for that reason its use as an activation
function for hidden units is not recommended. When it is necessary to use a non-
linear function, the hyperbolic tangent usually performs better than the sigmoid. The
definition of the hyperbolic tangent is given by

et —e

— tanh(z) = ———
glx) = tanh(z) = S,

(3.44)
and its graph is represented in Fig. 3.14. The hyperbolic tangent function allows to
map the inputs to a domain in the range (—1,1). The advantages, compared with the
sigmoid, are given by the fact that tanh is symmetric around the origin, which can
be helpful also in case the input data has both positive and negative values, and it
is zero-centered. The latter characteristic makes tanh similar to the identity function
while the input is close to zero (tanh(0) = 0) and thus, in that region it can resemble
training a linear function, making the training easier.

Another key consideration in designing a neural network is the choice of its archi-
tecture. It is the overall structure of the neural network, such as defining how many
layers compose the NN and how many units for each layer should be used. Most NN
arrange layers stacked one upon the other creating a chain structure. In this organi-
sation, each layer is a function of the preceding layer, as can be seen in Fig. 3.11. By
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Figure 3.14: Plot of the hyperbolic tangent function

referring to the configuration displayed in Fig. 3.11, the first hidden layer is given by
hY = gt (WD g 4 pM), (3.45)

the second layer is given by
h® = @F(WEATRW 4 p2), (3.46)

Eventually, the output of the network can be represented, by supposing a linear acti-
vation function for the output layer, as

§=WOTRE 4 pB), (3.47)

If the number of layers is greater, the general representation of the ¢ — th hidden layer
of a neural network is

) = g(WOTRED 4 p®) (3.48)

where the superscript (i) is the number of the hidden layer. Choosing the architecture
of the neural network is a time-consuming task since there is not a general rule which
gives some guidance in this direction.

The objective of a NN is to learn a non-linear function to map input to output.
At the first hypothesis, it is possible to think that the task can be solved only with a
specialised model family for the non-linearity to be represented. Anyway, it is possible
to demonstrate that a feedforward network with hidden layers provides a universal ap-
proximator. This is guaranteed by the universal approximation theorem which ensures
that, regardless of the complexity of the function to be represented, any measurable
function closed and bounded in a subset of R"™ (also said Borel measurable), can be
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approximated with a neural network with any desired non-zero error provided that the
network is large enough. Moreover, the network has to have a linear output and, at
least, one hidden layer with non-linear activation (such as sigmoid or tanh functions).
It is to be pointed out that the theorem only ensures the existence of such an approx-
imator, without ensuring that the NN is able to learn that function. Learning can fail
due to inability of the learning algorithm to find the proper value of the parameters or
because of the overfitting on the training dataset. It only ensures that there exists a
network large enough to represent any function with the desired accuracy but doesn’t
give any indication about its dimension.

While using a feedforward neural network taking an input @ and giving a prediction
y, information flows in one direction only, forward from the input layer toward the out-
put layer. This process is called forward propagation. During the training phase, data
flows from the input layer toward the output layer following the entire NN structure
and a cost function L(0) is produced. At this point, to properly vary the parameters,
it is necessary to compute the gradient of the loss function L(#) with respect to the
weights, and propagate it from the output layer toward the input layer. This last oper-
ation is called back-propagation and allows using a gradient descent algorithm (or its
variants such as stochastic gradient descent) to perform training using such gradients.
For simplicity in the representation, here it is considered the case where a NN only
have a single output target. Anyway, the backpropagation can be easily extended to the
multidimensional case of many output variables. Back-propagation algorithm moves
the gradient from the output layer backwards toward the input layer by using the chain
rule of calculus. Let x € R™ and y € R” be both arrays, f : R — R mapping from
R™ to real numbers and g : R™ — R™. Suppose y = g(x) and z = f(g(x)) = f(y).
The chain rule states that

0z 0z 0y,
= — . 3.49
In vectorial notation can be written as
0y T

where g—g is the Jacobian of g. The back-propagation algorithm consists of performing
the Jacobian-gradient product reported in Eq. for each operation in the neural
network.

As briefly introduced earlier, back-propagation allows the use of the gradient descent
algorithm to train neural networks. Gradient descent is an optimisation algorithm
whose task is to maximise or minimise an objective function f(x) by varying . For
the case of a neural network, as the one described here, the objective function is
represented by the cost function, and thus, gradient descent is used to minimise such
function. To minimise the function f, it is necessary to find the direction in which
the function itself decreases the fastest, this can be done by finding the directional
derivative. The directional derivative in direction w, is the slope of the function f in
direction u. Its definition states that

min 'V, f(x), (3.51)

u,uTuzl
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which can be written as

min \u||V f] cos(a) (3.52)
where « is the angle between the gradlent and the direction u. By considering |u| = 1
(u is considered as the unit vector) the Eq. 3.52 simplify to

min cos(a), (3.53)

u

which is minimised when the u points in the opposite direction of the gradient. That
means that f can be decreased by moving in the direction of the negative gradient.
This methodology is known as gradient descent. After one step, the gradient descent
proposes a new point as

' =x—eVyf(x), (3.54)

where € is the learning rate, a positive scalar determining the size of the step. The
algorithm converges when every element of the gradient is very close to zero. Most of the
learning algorithms are powered by the stochastic gradient descent (SGD) algorithm,
which is an extension of the gradient descent algorithm. It is the most used optimisation
algorithm for training neural networks, in particular deep learning models. Such an
extension is useful in particular when dealing with large datasets since is based on the
fact that it is possible to obtain an unbiased estimation of the gradient by taking the
average gradient on a minibatch B of m samples drawn from the dataset. Generally,
the cost function of the learning algorithm can be decomposed as a sum over training
examples. For example, the MSE can be written as

1 & 1 & )
= — = — , 3.55
for these additive cost functions, gradient descent requires computing the gradient

] — .
_ Z 2@ 3.56
m : )w ) ( )

by using the examples taken from the subset B of the complete dataset D. The param-
eters of the neural network are then updated as

0« 0 — VoL (0). (3.57)

As with many machine learning algorithms, also neural network training involves
optimisation, a highly complex and time-consuming task. Moreover, when dealing with
neural networks, there exists also the difficulty given by a non-convex objective function
which can translate into several challenges. The most prominent is ill-conditioning of
the Hessian matrix H(f(x)). The matrix is defined as the collection of all the second
derivatives of the function. It is defined such that:

62

H(f(x))y = (3.58)

Hessian ill-conditioning manifests itself by causing SGD to stuck, in the sense that even
very small steps increase the cost function.
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One of the most interesting characteristics of a convex function and a convex opti-
misation problem is that it can be reduced to the problem of finding a local minimum,
given that any local minimum for a convex function is guaranteed to be a global min-
imum. When dealing with non-convex functions as in NN, it is possible to have many
local minima that may represent a problem if they have a high cost compared with the
global minimum. This is still an open problem in literature, but most of the experts
believe that for sufficiently large neural nets, most of the local minimums have accept-
able low-cost functions, and thus it is not important to find a global minimum, as can

be seen in Fig.

Ideally, the cost function This  local  minimum
should arrive at the global performs nearly well as
minimun but this might the gobal one, so it is
be not possible acceptable

T

This local minimum
performs  poorly and
should be avoided

Figure 3.15: Example of the possibility of accepting local minimum points instead of
global minima

Another problem with high-dimensional non-convex functions is the presence of
saddle points. A saddle point is characterised by a null gradient and can be seen as a
minimum point for the function along one cross-section and a maximum for another
cross-section of the same function, as represented in see Fig. The effect of a saddle
point in optimisation is still unclear. For first-order optimisation algorithms that use
only gradient information, it seems that gradient descent can rapidly escape the flat
region or a saddle point [111]. The same can be seen when approaching maxima, which
from an optimisation perspective are the same as saddle points and thus gradient-based
algorithms are not attracted to them. Major problems may arise in large flat locations
since both gradient and Hessian are zero.

All the problems presented until now, correspond to properties of the loss function
at a single point. Anyway, it can be difficult to overcome all of these problems and still
perform purely if the direction that results in the most improvement locally, does not
point toward regions of much lower cost.

3.2.2 Optimisers

Despite the SGD remains a very popular optimisation algorithm, learning with it can
be very slow. A way to accelerate learning is the method of momentum. The algorithm
introduces a new variable v that plays the role of velocity: it is the direction and the
speed with which the parameters move in the parameter space. A hyperparameter
a[0,1) determines the contribution of the velocity on the previous gradients. The
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Figure 3.16: Representation of a function with a highlighted saddle point

parameters update rule becomes:

1 « : :

— - (@). (@)
v av —€Vy <m ;:1 L(f(z';0),y )) , (3.59)
0« 0+, (3.60)

as can be seen from Eq. velocity accumulates the gradients and the larger o with
respect to €, the more previous gradients affect the current direction. The advantage
of this algorithm is given by that the step size depends on how large and aligned a
sequence of gradients are. The step size is largest when many successive gradients
point in exactly the same direction. The effect of momentum can be seen in Fig. 3.1

where the blue arrows represent the SGD and the red arrows represent the momentum
algorithm. Researchers have realised that the learning rate is one of the most difficult

Figure 3.17: Schematic comparison between the SGD and the momentum algorithm

hyperparameters to set because it has a significant impact on model performance and
thus, they have introduced methods to adapt the learning rate of model parameters.
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Another popular optimiser is AdaGrad (adaptive gradient), which is a modified
version of the stochastic gradient descent with a per-parameter learning rate to help
improve the convergence performance over standard stochastic gradient descent. The
general learning rate € is modified at each time step ¢ for every parameter 6; based on

the past gradients as

€
0,1 =0, — —— 3.61
t+1 t Gt €gt> ( )

with G
t
G = ZggT, (3.62)
T=1

and g is the gradient of the function with respect to the weights at the iteration 7
- —VQZL (?;0),y™) (3.63)

The formula to update the paraments becomes:

€
0=0—-— ——— (ag. 3.64
NeErid (3.64)

The effect is an increased learning rate for sparse parameters and a decrease for ones
that are less sparse. In the context of convex optimisation, AdaGrad allows greater
progress in the more gently sloped directions of parameter space. However, the ac-
cumulation of squared gradients from the beginning of the training can result in a
premature excessive decrease in the learning rate.

A modification to the AdaGrad [112] which performs better in the context of non-
convex functions is the RMSProp (Root Mean Square Propagation) algorithm. Here,
the learning rate is adapted for each of the parameters as in AdaGrad but using an
exponential decaying average to discard the most old history. Here, the learning rate
is adapted through a moving average of the squared gradients. The running average is
calculated as:

B =B+ (1) (@) | (3.65)

where v is called the decay factor. The parameters are updated as

01 =0, — ———— ( aae f(x, t)) (3.66)

V(g

It is an effective optimisation algorithm for deep neural networks.

The most popular adaptive learning optimisation algorithm is the Adam (Adaptive
Moments). It can be seen as a combination of the RMSProp and momentum algorithm
with important distinctions. It incorporates bias correction to the estimation of both
the first-order moment and the second-order moment. The weight update is performed
as

A~

Vo + €

Ot = Gt_l — € (367)
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with
= T_ntﬂf (3.68)
0 = lf—tﬁé (3.69)
my = fimy1 + (1= Bi)g (3.70)
v = Boviy + (1 - B2)g” (3.71)

with (8, and [y forgetting parameters. Adam is generally seen as being robust to the
choice of hyperparameters, though the learning rate sometimes needs to be changed
from the suggested default value.

3.2.3 Sequence modelling

A difficulty that neural networks have to overcome, consists in dealing with data that
presents a sequential ordering instead of a tabular ordering. Initially, this limitation
arose in trying to process sentences or speeches with plain neural networks. 1T is caused
by the absence of recurrences in the model which feed information of the output back to
the input of the network. In this context, a family of networks which can help to solve
the problem is the Recurrent Neural Network (RNN). That is a family of NN specialised
for processing sequential data, for which the appearance order is important. The main
idea behind RNNs, is the possibility to share the same parameters across different
parts of the model, which is not possible with feedforward networks. Feedforward
neural networks, can only map form input to output, while with RNNs is, at least in
principle, possible to map the entire history of previous input to each output [113].
A general representation of a RNN is displayed in Fig. 3.18. There, the arched arrow
represents the recurrent connection, which is the key point that allows RNN to have a
sort of "memory" of previous input to persist in the internal state and thereby influence
the network output.

Before explaining the working principle of RNNs, it is important to introduce the
concept of computational graph. Tt is a way to formalise the structure of a set of
computations. Despite many ways of formalising computational graphs are possible,
in the context of this thesis each node of the graph represents a variable and each
connection between nodes represents an operation, which is a function of one or more
variables. The concept of graph results is particularly useful when dealing with RNN
since gives the possibility to represent graphically the sequential property of RNNs
through the unfolding.

To simplify the explanation of the working principle, here it is considered a single
self-connected hidden layer, with hyperbolic tangent as the activation function for the
hidden layer neuron and linear for the output layer, as the one represented in Fig.
RNNs can be designed by considering different architectures, the most important are:

e RNN that produces an output for each time step and has recurrent connections
between hidden units, as displayed in Fig. 3.19b;

e RNN that produce an output for each time step and have recurrent connection
only form the output of one-time step to the hidden unit of the next time step
as displayed in Fig. 3.19c¢;
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Figure 3.18: General scheme of a recurrent neural network

e RNN with a recurrent connection between hidden units that read an entire se-
quence to produce a single output, as displayed in Fig. 3.19d.

Suppose to have a model as the one reported in Fig. [3.19bl For that configuration, the
forward propagation operation begins with a specification of the initial hidden state
h(o), then for each time step the update equations are given by:

a? = wh'=) 1 Uz + b, (3.72)
h® = tanh(a®) (3.73)
gD =VvhY 4, (3.74)

where b represents the bias vector and U, V and W are the weight matrix for input-to-
hide, hidden-to-hidden, hidden-to-output respectively, the equations , and
, refer to a network that maps an input sequence to an output sequence of the
same length. The total loss for a given sequence of @ values paired with a ground-truth
sequence y, is given by the sum of the losses over all the time steps

T

Lw.y) = -3 (6"~ 57, (3.75)

t=1

Computing the gradient in a RNN is straightforward. It can simply be applied the back-
propagation algorithm to the unfolded graph of Fig. 3.19b, which is generally referred
to as back-propagation through time (BPTT) algorithm, and then use any general-
purpose gradient-based technique to train the RNN. Given a loss function L, it has to
be computed the gradient of the loss function recursively for each node N composing
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(a) Representation of a circuit diagram for an (b) Schematic representation of an unfolded
RNN. RNN that maps an input sequence to a corre-
sponding output sequence.

Output Output
|4
Hidden Hidden W > w >
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Input Input
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(c) Schematic representation of an unfolded (d) Schematic representation of an unfolded
RNN whose only recurrence is the connection RNN with a single output at the end of the
between the output and the hidden layer. sequence.

the computational graph. The recursion begins with the nodes immediately preceding
the final loss

=1. (3.76)

OL 2
— -z E 0 _ 4 ®
v:,)(75)-[/ - a’g(t) - - (y Yy )7 (377)
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then, going backwards for all the parameters composing the network, it results in:

oL oL oy

9b, ~ 9y ob, 1" (3.78)

aaé - a?;t) aag‘(;) = Vo LAY (3.79)
()

affﬂ a a(zi) gzm = VIVl (3.80)

aavLV - a?f(t) %’;ﬁ =h"V0L (3.81)

g(i‘ - a?f(t) aahi(;) =I(1—(h"")) (Vo L), (3.82)

it is to be noted that the Eq. is valid only for the last time step 7. Iterating
backward in time, the equation becomes:

oL oL 99"  onl*h gt

or® 9y op MR TRORYS (3.83)
=V'V, 0L + WTI(1—(h""")?) Ve L,

where (1 — (h”l))gis the Jacobian of the hyperbolic tangent associated with the hidden
unit at time ¢ + 1 and I is the Identity matrix.

An important characteristic of the RNN is their ability to use past information
to map an input sequence to an output. Anyway, standard RNN shows a difficulty
with long-term dependences. These phenomena arise from the exponentially smaller
weights given to long-term interactions compared with the short-term ones. This may
cause the gradients to explode or vanish. Exploding gradient may lead to oscillating
weights and vanishing gradients may increase learning time up to a prohibitive amount
or does not work at all. From a mathematical perspective, the exploding or vanishing
gradient limitation is given by the composition of the function employed by general
RNN which involves the composition of the same function, once per time step. The
function composition can be thought of as a matrix multiplication as

h'=WTh!™!, (3.84)

by recurrently applying the matrix multiplication, after 7 time steps it can be described
by the power function:

h™ = (W7")Th". (3.85)
If W admits eigendecomposition of the form W = QAQT, the recurrence can be

simplified as:
rY) = QAYQR°, (3.86)

and thus, since the eigenvalues A are raised to the power of the time 7, they cause
the exploding of those with a magnitude greater than one and the vanishing for those
with a value lower than one. To overcome these limitations, over the years researchers
made different attempts such as non-gradient-based training algorithms or different
architectures. One of the most effective in overcoming this limitation is the LSTM,
which is used here to implement the cell model.
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3.2.4 Long Short-Term Memory

Over the years, different models have been developed to model long-term dependencies
such as Echo State Network, the application of Leaky hidden units to standard RNNs,
or again adding connections between the most distant time variables and the present
values. These solutions are able to properly represent long-term dependencies. Anyway,
once that information is used, it might be useful to forget the old state, and thus, an
algorithm able to decide when to do it without the manual selection is needed. This is
what gated RNNs do. The most effective model for sequence modelling belonging to
the class of gated recurrent units is LSTM. The main idea at the base of the LSTM,
is to create a path through time that has derivatives that neither vanish nor explode.
This is created by using connection weights that may change at any time step.

The core idea of the LSTM, is the creation of a self-loop to create a path where
the gradient can flow for a long time. A crucial evolution has been the addition of the
possibility of making the weights of the self-loop conditioned by the context, rather than
fixed. This allows a change of the scale of integration based on the input sequence and
also for a model with constant parameters and can be done because the time constants
are output by the model itself. The LSTM diagram is represented in Fig.[3.20] Instead
of applying an element-wise nonlinearity to the affine transformation of inputs and
recurrent units, LSTM cell presents an internal recurrence (the self-loop) in addition
to the external one. Each cell has the same input of an ordinary RNN but presents a
system of gating units that controls the flow of the information. The most important

t—11 ¢t R,

h( /

T [] O — J

Concatenate Layer Operation Vector path Copy

Figure 3.20: Representation of an LSTM cell

component is the cell state C¥) that has the weights controlled at any time step.
Each LSTM cell contains three multiplicative units which are referred to as gates:
input, forget and output gates. Forget gate is used to control which of the previous
information is still important in the learning procedure, and thus they are added to the
cell state. With reference to Fig. for the time step ¢, the forget gate is updated
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as f:
O =g (bf + Z Ufazg»t) + Z W;.ch;_l) , (3.87)
J J

where U, W, b represent the input weights, recurrent weights and the biases, ® is
the input array and h’ is the hidden layer vector at time instant . The input gate’s
purpose is to control which part of the new information is important to add to the cell
state, at the time step t it is updated as:

i — <b9 + Z UgwEt) + Z W?h;1> (3.88)
J J

C® = tanh <B + Z f]af:}t) + Z thél) (3.89)
J J

The output gate determines whether and how the memory cell should influence the
output at the current time step, it is updated as:

oV =g <b" +> Ul + 3 W;h;—l) . (3.90)
j j
The internal cell state cell C' is then updated as:
c = 0ot 4 i®eC® (3.91)
the output of the LSTM cell is then given by:
h" = tanh(C®) ® o®. (3.92)

The advantages of using LSTM to model a sequence are given by the possibility of
managing long sequences and removing the typical limitation affecting RNN of gradient
vanishing or exploding. Anyway, the LSTM is computationally expensive compared
to the conventional RNNs and requires more data to be properly trained avoiding the
overfit on the training data. Moreover, the tuning of the parameters is complex and
their explainability is almost null.






Chapter 4

Voltaic Efficiency for battery health
monitoring

In the previous chapters, an introduction to the main concepts of ML and DL is given.
Moreover, the general mathematical formulation for the algorithms employed to realise
the works presented in this thesis has been presented. The purpose of this Chapter is to
illustrate the procedure developed to face the problem of SOH estimation of a battery.
In particular, here the problem is tackled by employing an innovative methodology
which consists of using Voltaic Efficiency (V E) to compare the performance of an aged
battery working on a car, with the performance of a new battery. The V E of the new
battery is obtained with a ROM. To make the comparison possible both the model and
the real battery experience the same cycle, over which the V' E is calculated.

4.1 Introduction

Battery is a highly non-linear dynamical system where several physical phenomena
occur concurrently. Moreover, the behaviour at the actual time step is affected by
the working conditions experienced in the previous time instants, showing an inter-
dependence between past and actual response, making the order with which data are
organised in the dataset important. In particular, that order has to follow the chrono-
logical development of the events. This particular ordering methodology is referred to
as sequence and the use of ML for its modelling is called sequence modelling. When
data are ordered chronologically, as for the case under scrutiny, they are referred to
as time series, that is, an ordered collection of data samples denoting events occurring
at a specific time. The non-linear nature of the battery makes it a complex system
to study and extract information from. This is particularly true for what concerns
information about actual capacity and resistance, which are directly connected to the
health of the battery itself. Given its characteristic of high power and high energy
density, LIBs represents the dominant energy storage system used in the F1 environ-
ment. For this particular application field, the battery is extremely important since
is a crucial part of the performance of the car, influencing the lap time and thus the
possibility of winning races. Because of such importance, it is necessary to reduce as
much as possible the uncertainties and predict as more accurately as possible which is
the battery performance expected for the next race to optimise the energy deployment
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with the aim of minimising the lap time. Despite the different methodologies developed
to estimate the SOH available in the literature and presented in Chapter [2| these are
not suitable to be applied in the F1 environment for different reasons, the principal of
which is given by the fact that a lot of these methodologies are based on laboratory
experiments or on a CC charging or discharging curve. Conditions that are not always
available in the particular context.

This work arises from the necessity to have a simple and effective methodology to
estimate the SOH of the battery race by race to properly manage the battery itself and
to approach the races with a reduced probability of encountering uncertainties. The
problem is faced here by the development of a data-driven ROM of a brand-new cell.
The ROM goal is to predict the voltage of the cell given specific working conditions
in terms of current (I), SoC and temperature (7). Here, the ROM is implemented
by using a deep LSTM model. The Predicted Voltage (V},) is used to calculate the
VE of a battery (which can be seen as a series/parallel composition of cells) as if it
were realised with n identical cells, all of them behaving as the one modelled through
the ROM. The VE is then compared with the same indicator calculated using data
directly measured from a battery on the car. The two V E are both calculated for the
same working conditions and thus a direct comparison between them is feasible. The
comparison between these indicators can be seen as a health indicator for the battery
in the car, given that the comparison is made with a model representing a brand-new
battery. The results of the study presented in the following paragraphs prove that the
approach of comparing the VE of a running battery with that of a new similar one
can be proficiently used as a health estimation. Given the lightness of the model, it
is also suitable to be used on BMS. The rest of this Chapter is organised as follows:
Section 2 provides the mathematical formulation of the different efficiencies defined
for a battery. Section 3 reports the data collection process and its pre-processing
implemented to obtain the final datasets employed to feed the model. Then, Section 4
reports information about the architecture of the LSTM used to implement the ROM
model together with its validation on a test dataset. Eventually, it is shown the results
obtained with the methodology described when applied to three different batteries
actually mounted on three different cars.

4.2 Battery efficiency

As for all the systems, also in the battery energy losses occur. The energy retrieved
after a full charge is less than the energy that has been stored by the battery itself. This
phenomenon occurs because parasitic reactions are present within the electrochemistry
of the cell. For batteries, three different efficiencies can be defined:

e Coulombic efficiency or Ah-efficiency (nap,)
e Voltaic efficiency (ny)

e Energy efficiency (nw)
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Their mathematical formulation is respectively:

[A, I dt I = [Lattery| if Tyattery < 0
discharged Ah 1 At I =0if Iyattery > 0 o
NAn = _ _ ' | |
charged Ah CF T I = |Dattery| i Trattery > 0
> I =0if Ibattery <0
[, TUbattery dt I = |Dattery| if Tpattery < 0
At attery I =0if ]battery >0
Ny = : x C'F, (4.2)
f ]Ub t dt I = |Ibattery| if Ibattery Z 0
At attery I =0if [battery <0
I = \|Lttery| if Toattery < 0
Jas TUsattery dt | l? ttery| 1f Toattery
I =0 if Ibattery Z 0
" (4.3)

)
I = |Ibatte7‘y| if ]battery Z 0

IUa er dt
fAt battery {[ = 0if lpattery < 0

where C'F'is the Charge Factor: the ratio between the charges flowed into the battery in
Ah and the charges extracted for the particular cycle. The Coulombic efficiency is the
inverse of the expression of how much excess charge is applied to the battery. Voltaic
efficiency describes the difference between the average voltage during discharge and
charge and depends on the current and the temperature. Energy efficiency compares
the energy extracted during discharging to the energy charged into the battery [36].
As can be seen from Eq. [.1] and the battery efficiency can be determined

from measured current and voltage.

4.3 Dataset

The first step in developing the ROM is that of collecting and properly processing the
data to be used to train and test the data-driven model. The data used to develop the
work described in this Section are kindly furnished by Ferrari S.p.A, and thus they are
protected by a Non-Disclosure Agreement (NDA). To respect the agreement, the value
of any quantity used in the context of this work is scaled with respect to an internal
reference value. Consequently, the current, voltage, temperature and SoC become:

]t(i ‘/;fe ﬂe
IS:_ ‘/5:—7 —_ —
Ve

(4.4)

where the subscript s indicates the scaled quantity and te is used to indicate the value
measured and r is the internal reference value.

The data used to develop the ROM of the cell are measured from different vehicles,
all of them equipped with the same measurement instrument. Given the particular
application, it is not possible to define a complete discharge-charge cycle for the battery,
mainly because it is never fully discharged or recharged. Therefore, here the life of the
battery is measured in travelled distance with measurement unit to be in km. Data
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collected from sensors are to be considered sequential, which means that the order
in which they appear in the dataset is important since the value at the actual time
instant depends upon the history of the system. In particular, for the case under
scrutiny, data are ordered chronologically, and thus it is possible to refer to the dataset
as a time series.

The purpose of the model is to represent the behaviour of an average cell composing
the batteries which are used on the cars. Such a signal is not available in the data
collected from the car, and thus it is necessary to preprocess them. To obtain the
needed quantities, data coming from sensors are properly engineered to extract the
quantities pertaining to a single cell. This is realised starting from data measured for
the whole battery and then by considering the battery as a series/parallel combination
of identical cells. Moreover, given the fact that the model has to represent a brand-new
cell, it is mandatory to define a mileage providing enough data to train the model but,
at the same time, it should be short enough to not compromise the battery health.
The threshold has been determined through internal experiments from which it is
possible to be sure that the conditions are respected. For the case under scrutiny,
it is experimentally found that the threshold showing a good trade-off between the
requirements is 200km.

For some ML and DL algorithms, working with data having differences in the order
of magnitudes, might limit the learning process. This limitation is mainly given by
the optimisation algorithm used in training. If the input features have a broad range
of values, inconsistent gradients may arise and thus large-scale features dominate the
gradient calculations, with the result that these high-value quantities have a larger in-
fluence in the training and weight definition compared to the smaller quantities. This
translates into inefficient learning leading to a compromised model accuracy in predic-
tion. To overcome this limitation, ease and speed up the convergence of the training
process, the scaling technique is applied. This ensures that the order of magnitude of
the quantities involved is comparable. Feature scaling is a method used to normalise
the range of independent variables and labels. Other than the advantages of speeding
up the convergence of the gradient descent, feature scaling is important also where
regularisation is used. Different scaling methodologies exist, and the choice of the one
to be adopted strongly depends on the particular application. The main normalisation
techniques are:

e min-max scaling;
e mean normalisation;

e /-score normalisation.

Min-max scaling consists of rescaling raw data in a desired range of values, the formula
is given:

X —min(X)
X = max(X ) — min(X)
(4.5)
_ y—min(y)
Y, =

max(y) — min(y)’
where X, is the scaled features array, X is the vector of the non-scaled features,
max (X ), min(X) are the arrays containing the maximum and the minimum value of
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each feature, y, is the scaled array of the targets and vy is the vector of the non-scaled
labels.

Mean normalisation is a form of normalisation obtained by subtracting from the array
its average and then dividing by the distance between the maximum and the minimum
value. The general formula is:

.. X X
* " max(X) — min(X) (4.6)
Y-y '

Y =

max(y) — min(y)’

where X and 9 are the average of the features and labels array respectively.
Z-score normalisation crates a dataset where each feature have zero mean and unit
variance, its general formula is given by:

(4.7)

where o is used here to indicate the standard deviation.

In the context of the work presented here, it is used the min-max scaling. In
particular, for each of the features composing the dataset an absolute maximum and
an absolute minimum value are defined and then are used in the Eq. to implement
the scaling. The adoption of absolute values allows to removal of the dependence of
the scaled dataset from the original one, making the scaling general and applicable to
datasets with different maximum and minimum values. Min-max scaling is the simplest
rescaling method, here all the features are scaled in the interval [0, 1].

A common procedure to train ML models is to define three different sub-datasets
extracted from the original one, they are referred to as training, validation and test
datasets and any has a specific purpose. The training dataset is used to fit the model
parameters, it is passed in batches during the training phase and, based on that, the
loss function is calculated and consequently the weights are updated. A validation
dataset is a set of data that is used at the end of a weight update process to tune the
model’s hyperparameters. The test dataset is used to evaluate the results of the final
version of the model. Given the time series nature of the data, the sub-datasets have
to be extracted by respecting the sequential characteristic of the data. There is not a
general rule to realise the split in the three different datasets, it is strongly dependent
upon the dimension of the original dataset. A good choice is to select the largest part
of the dataset for the training since these are the data over which the model is fitted,
and splitting the remaining part in the other two. Here the splitting of the original
dataset is made by extracting the first 90% for training, then the following 5% for
validation and the remaining 5% for the test dataset.

The work presented here is realised by using the ML framework TensorFlow (TF).
In particular, to implement the ROM of the cell, the available LSTM layer is employed.
The implementation available in TF, is based on the work published by Hochreiter [69].
The LSTM, is a model developed for sequence modelling, it is part of the gated RNNs



62 Chapter 4. Voltaic Efficiency for battery health monitoring

and, as stated by Goodfellow [103], it is the most effective networks group for sequence
modelling.

Given the nature of the problem, the dataset has to be arranged in a way that,
when fed in the LSTM, the algorithm can recognise the presence of a sequence. A
proper data organisation to feed the LSTM can be done by using a moving window
sliding along the dataset and stacking each window along the third dimension to create
the tensor in input to the model. The new dataset can be seen as a stacked collection
of windows, each representing a sequence used to make predictions. Different ML
frameworks organise the tensors in different ways. To realise the model in TF, the final
shape of the tensor has to be 3D with dimensions (batch _size, time_steps, features).
The first dimension indicates the number of samples to be shown to the network before
a weight update is performed, the second dimension indicates the width of the window
used to extract sequences from the original data and the third dimension indicates
the number of features. The steps to properly create the tensor are represented in
Fig[.1] Starting from a structured dataset as the one represented in Fig. where
the rows are populated with time instants of the signal and columns with features, it
is possible to define a window of a fixed size sliding over the rows and including all
the columns. For example, by defining a window wide 3 time steps and moving on the
dataset represented in Fig. results in 4 windows including three-time steps, as
represented in Fig. To obtain the final shape of the tensor, the resulting windows
have to be stacked, as reported in Fig. [4.1¢] whose final shape is (4, 3, 3).

Features

Batch

sdays awi)

12 13 14

15 16 17 15 16 17

Features

(a) (b) (c)

Figure 4.1: Representation of the different phases of dataset manipulation to properly
arrange data and create the tensor. a) Representation of the dataset before data
preprocessing b) Representation of the windowed dataset, each colour representing a
different window c) Representation of the tensor to be fed to the LSTM.
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For the particular case reported in this work, each window has been set to a fixed
width of 3 s. Depending upon the frequency of the signals, the time step dimension
of the tensor changes. Here, it results in a number of samples for each time window of
¢, the final shape of the feature and label tensors used in the development of the model
is

Xs c RmxﬁXS

4.8
y. €R™ (4.8)

where m is the number of samples after the windowing process, ¢ is the number of
windows and 3 is the number of features.

The dataset used to realise the work reported here is composed as

X =11, SoC, T,
y = [V]

where X is the feature dataset and y is the target dataset. Here, y represents the
voltage of an average cell. A portion representing 10s of the dataset used for training

is shown in Fig.

4.4 LSTM architecture

Once the dataset is defined, it is necessary to choose the architecture of the model.
The main characteristics to be chosen are the number of layers, the number of units for
each layer and the cost function used to perform the training. Then, it is necessary to
define the other hyperparameters to optimise the training procedure. As for the choice
of the activation function, there is no rule to properly set the hyperparameters, it is an
iterative process based on a trial-and-error approach which can lead to a long process
before finding out the optimal architecture for the particular problem. As described in
Par. sequences can be modelled with different RNN architectures:

1. RNN to map an input sequence to an output sequence of the same length with
connections between the hidden layer, see Fig.

2. RNN to map an input sequence to an output sequence of the same length with a
connection between the output and the hidden layer, see Fig. ;

3. RNN to map an input sequence to a single value in output, see Fig.

The problem faced here is a multistep forecasting problem and thus the most suitable
variant is the number [I] Despite the other two architectures still valid alternatives,
the chosen one represents the best compromise in terms of computational effort and
prediction accuracy.

The ROM of the cell, described here, is developed through a 3 layers deep LSTM
whose goal is to estimate the cell voltage using I, SoC and T" as input variables. The
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Figure 4.2: Portion of 10 s representing the scaled cycle used to implement the cell
model. a) Voltage vs time, b) Current vs time, ¢) SoC vs time, d) Temperature vs

time.

architecture of the LSTM is:

Input layer

LSTM(16, activation
LSTM(16, activation

LSTM(16, activation =

"tanh’, return_ sequences
/
"tanh’, return_ sequences

/
"tanh’, return_sequences

Dense(1, activation = 'linear’)

= True)
= True)
= True)

The model is trained using the Adam optimiser (see Section , whose parameters
are reported in Table [{.T] with a batch_size of 128 and using MSE as a metric to
evaluate model training. Callback functions are used while training proceeds to save
checkpoints by monitoring the val [oss of the model at the end of each epoch. The
training is carried out for 1500 epochs.
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Parameter Value
Learning rate 0.001
b1 0.900
Ba 0.999
€ le””

Table 4.1: Parameters defining the Adam optimiser

4.5 Battery health monitoring

This Section reports the results obtained for the health monitoring of the battery. The
health estimation is assessed by comparing the VE obtained from a data-driven ROM
and the VE get for three on-car aged batteries. In particular, this section is organised in
two parts. The first part reports the performance of the data-driven ROM in predicting
the cell voltage over the training dataset and three different test datasets. One of them
is a general driving working condition and the other two are CC discharging cycles.
The second part reports the results obtained with the proposed method. A battery can
be seen as a series/parallel combination of cells. In the context of this work, the battery
is considered to be made by n. identical cells behaving as an average cell. The purpose
of the model is to predict the voltage of the cell given as input the variables defining a
known working condition. These are identified in current, SoC and temperature.

4.5.1 ROM performance

The problem of implementing a ROM model of a cell, can be seen as a regression of
a time series, with data ordered chronologically. Given the nature of the data, RNN
is the most suitable class of algorithm to properly represent the function driving the
phenomenon. In particular, here it is used a LSTM, since it is part of the gated RNN
set, the most suitable for sequence modelling problems, and thus, to represent time
series and sequential data. The prediction accuracy of the ROM is assessed through
the RMSE (see Sec. evaluated over the training dataset, a test dataset populated
with data extracted from real driving working profile and two different CC discharging
cycles, with dataset populated during laboratory tests.

The RMSE resulting from the training, for the test dataset and two different CC
discharging cycles, are reported in Table 4.2 To give an intuition about the model’s

Dataset RMSE [mV]
Train 1.18
Test 2.17
CC Test 1 491
CC Test 2 5.47

Table 4.2: Model performance evaluation through RMSE calculated over the training,
the test datasets and the two CC discharging cycles.

prediction ability, a graphical comparison between the ground truth and the outcome
of the model is shown in Fig. and Fig. where a portion of the training and
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test dataset respectively are reported, and in Fig. [4.5] and Fig. [4.6] for the comparison
against the two CC discharging tests.
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Figure 4.3: Portion of 10 s representing the comparison between the ground truth and
the model outcome over the training dataset. a) Comparison of Voltage vs time, b)
Current vs time, ¢) SoC vs time, d) Temperature vs time.

Given the results presented in this Section and reported in Table [4.2] it is possible
to observe that the prediction accuracy obtained by the data-driven ROM is high.
Despite there is not an objective method to determine if the model is accurate enough,
in the context of this work the errors shown can be considered small enough to define
the model accurately. This consideration derives from the fact that the shown error is
in the same range as the error shown by the measurement instruments used to measure
the features. Given this, it is then possible to conclude that an accurate ROM of a cell
is implemented. Moreover, it can profitably be used to represent the voltage behaviour
of a brand-new battery experiencing given working conditions, defined through current,
SoC and temperature.
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Figure 4.4: Portion of 10 s representing the comparison between the ground truth and
the model outcome over the test dataset. a) Comparison of Voltage vs time, b) Current
vs time, ¢) SoC vs time, d) Temperature vs time.

4.5.2 Health monitoring

In this section, the results obtained with the proposed method for battery health
monitoring are presented. The health of a battery is assessed via the definition of
a new parameter referred to as An. It is defined as the difference between the VE
(see Eq. obtained while predicting voltage with the model and the VE get by the
measured voltage of a real battery. Recalling the nomenclature used for the voltage in
Eq. [4.2] the mathematical formulation of the health index introduced, is given by:

An =nu,, — N, (4.9)
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Figure 4.5: Comparison between the ground truth and the model outcome on a CC
discharging cycle. a) Comparison of Voltage vs time, b) Current vs time, ¢) SoC vs
time, d) Temperature vs time.

where:

I =|I|ifI<0

IU dt .
I =0if7I>0
N = * C'F, (4.10)
— 1 >
Ut I yqﬂf_o
I =0ifI <0
U, dt I:ﬂ”ﬂ]<0
I =0iflI>0
Ny, = 7 *x CF, (4.11)
I =|IlifI>0
10U, dt -
Jai {1 =0ifI <0

where m and a subscripts indicate the model and actual battery respectively. To assess
the health of the battery, the An indicator is monitored at regular intervals during the
whole life of the battery. In particular, after the battery has experienced a given
mileage, a proper cycle is carried out and the quantities needed to calculate the An are
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Figure 4.6: Comparison between the ground truth and the model outcome on a CC
discharging cycle. a) Comparison of Voltage vs time, b) Current vs time, c¢) SoC vs
time, d) Temperature vs time.

measured. Intuitively, such an approach allows to compare the actual voltaic efficiency
of the battery which is experiencing ageing, and the voltaic efficiency of a brand-new
battery (represented by the model), both experiencing the same cycle, and thus the
two can be directly compared.

The effectiveness of the proposed method is shown by reporting the results obtained
while monitoring three batteries. For each battery, the parameter An is evaluated 11
times at regular intervals during its lifespan. The behaviour of the parameter A7 in the
following comparisons is shown in Fig. Figures[4.7al, [£.7b|and [4.7c|, show the results
obtained by using the proposed methodology to estimate the health of the battery.
There, it is possible to observe three different lines. The blue one represents the VE
of the battery which is mounted on the car, and for which the ageing increases for any
subsequent evaluation cycle n.,,. The orange one represents the VE that a brand-new
battery should have when working in the same conditions as the on-car battery, it is
evaluated through the ROM. The green line represents the behaviour of the health
index An (see Eq. used to assess the ageing of the battery. From the figure, it is
possible to spot that the indicator An, increases while the ageing of the actual battery
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Figure 4.7: VE of the actual battery and VE calculated by predicting the voltage with
the model and the difference between them. a) Results for battery number 1, b) Results
for battery number 2, ¢) Results for battery number 3.

increases. This indicates that the VE obtained from the batteries mounted on the car
is reducing, with respect to the value that should have the battery if it were new, while
the ageing goes on. It is to point out, the fact that An is not showing a monotonic
increase for subsequent comparisons. It is observable an alternating behaviour. The
reduction in the health index is observed when the comparison is carried out for a
battery that undergoes a long rest time after a highly stressful cycle. By comparing
the Fig. and it is also possible to observe that different batteries age
differently, and at the end of life (EOL), different values of the An are shown. That
means that batteries are nominally identical, experiencing different working conditions,
and different life statuses are observable at the same mileage.

The results presented in this section suggest that the health monitoring through
VE proposed, can effectively be used to estimate the health of a battery. Once the
ML model is implemented, which is the most challenging and time-consuming part,
the health estimation is straightforward. The methodology proposed allows a rapid
and effective estimation of the health of a battery even if the particular conditions do
not allow to use of a charging line, and thus where there is no possibility to access
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CC charging or discharging curves. Moreover, given the simplicity of the methodology
presented, it is suitable to be used on BMS.






Chapter 5

Data-driven battery degradation
modelling

This chapter focuses on the work aimed at estimating the capacity of a cell starting
from the signal of voltage collected after the application of a current spike. The be-
haviour shown by the voltage signal in this scenario is known as voltage relaxation,
that is the voltage shown by a cell immediately after the current is removed. This
Chapter, reports all the steps followed to implement the work and examines each of
them in deep. In particular, here is reported all the needed information about the data
collection and the population of the dataset, about the methodologies employed to
properly manipulate the data, then it focuses on the definition of the models in terms
of structure and hyperparameters before showing the results obtained with the appli-
cation of the proposed methodology. The work reported in this Chapter is developed
by using Python and the open-source machine learning library Scikit-learn.

5.1 Introduction

As introduced in Chapter [I| the battery is a critical device for the proper working of
the PU. In particular, battery is a sensible component concerning the performance,
and changing the outcome of a race. Given the tight restrictions on the number of
batteries which can be used during a season without incurring penalties imposed by
the FIA, it is important to estimate as accurately as possible the health of the battery.
The estimation is important because it gives an insight into the performance which
can be extracted from the battery and, moreover, it allows to prepare for the coming
races at best. The work presented in this chapter arises from the necessity to estimate
cell capacity with a simple procedure in a context where it is not directly measurable
through the CC discharging test. The objective of the work reported here is to provide
a methodology to estimate SOH from VR in contexts where the battery cannot be
plugged into a charging line, as happens for the batteries used in the context of F1.
The work consists of extracting VR after the application of a charging current
spike lasting 5 s. When the current is removed, data are collected for the following
10 s for each cell composing the battery. The VR signal is then manipulated with
the application of statistical functions to extract four indicators: Maximum (max),
Minimum (min), Mean (mean) and Variance (var). They are a statistical representation
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of the curve, and it is shown to be correlated with the actual capacity of the respective
cell. The statistical functions are used to train three different ML models, identified
in LR, GBDT and RF. Their purpose is to estimate cell capacity from the statistical
functions used as input. Here, are used three different models trained with different
algorithms (See Paragraphs3.1.3} [3.1.4) and [3.1.4)) to find out the best one in terms of
RMSE. Since high current spikes might be dangerous for the battery, speeding up its
degradation, three spikes of different intensities are applied and for each spike, the tree
ML models are implemented and compared with the aim of identifying the smallest
current spike that can be applied to generate a voltage response containing enough
information about the actual capacity to allow a proper implementation of a predictive
model.

5.2 Dataset

The first step in developing the presented work is that of collecting and properly pro-
cessing the data to be used to train and test the models. Same as for the work described
in Chapter 4] the data used to develop the work presented in the following Paragraphs
are kindly furnished by Ferrari S.p.A, and thus they are protected by a NDA. To respect
the agreement, the original value on any of the quantities used in the next Paragraphs
is scaled by using an internal reference value. In particular, the values of the current,
the voltage, the temperature and the capacity become:
[te V;‘/e o ne

Cte
Lo tTwo htn 9Tg

(5.1)

where I, V, T and C stand for current, voltage, temperature and capacity respectively,
the subscript s is used to indicate the scaled quantity, te indicates the value collected
from the test and r indicates the reference value of the particular quantity. Given the
particular working conditions of the cells during races, it is not possible to define a
complete charge/discharge cycle of the cells, and thus in this work its life is measured
in travelled distance and the measurement unit is taken to be km.

The data needed to develop the work, are collected through on-purpose tests in
a controlled environment both to replicate the on-cars conditions and to ensure the
repeatability of the test. The tests are organised in five different phases, which can be
summarised as:

1. Capacity measurement through the coulomb counting method during CC dis-
charging test for the new battery;

2. Application of the current spikes at SoC' = 60% to extract the VR;

3. Ageing procedure consisting of a given working condition which allows to reach
a travelled distance of 1000 km;

4. Measurement of the capacity through the coulomb counting method through CC
discharging test for the aged battery;

5. Application of the current spike to extract VR at SoC = 60%;
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6. Loop over the points [3| and [5| until the capacity reaches a threshold value below
which it is considered damaged and cannot be used any more.

During the tests, a high-precision watt meter is used to measure the current and voltage
and a Negative Temperature Coefficient (NTC) is employed to measure the tempera-
ture. The tests are carried out on 10 high-power Li-Ion cells nominally identical. The
CC discharging test is carried out always in the same OCYV range for each cell. The test
starts when the OCV of the ¢ — th cell overcome the upper threshold whose normalised
value is V, = 1 and overs when its OCV overcome the lower threshold of V; = 0.65.
The same approach controlling the variables is replicated for the tests where current
spikes are applied: these tests are kept with the same starting OCV for all the cells and
in a temperature-controlled chamber to ensure the repeatability of the test. All the
tests are carried at a constant cell temperature of T, = 0.4 Given that the current spike
may damage the battery, three suitable current spikes are applied to find out which is
the smallest one carrying enough information to properly describe battery degradation.
Following the definition given in Eq. the intensity of the three currents used during
the test is [, =1 I, = 3 and I, = 3.

The processing of the data consists of isolating the voltage relaxation and the fol-
lowing 10 s, this is realised through a script which exactly locates the point where the
current becomes null and considers a 10 s window starting from there, isolating the VR
curve. The curve is then transformed and summarised by using four statistical indica-
tors. The four indicators used for the purpose are maximum (max), minimum (min),
average (mean), and variance (var). Summarising statistics is shown to be effective in
representing the shape and position change of the voltage curve [89,|99]. In order to
study the correlation between each statistical indicator and the capacity, as a first step
it is evaluated the Pearson Correlation Coefficient (PCC), is a measure of the linearity
of the correlation. The coefficient assumes values in the range [—1, 1]: if |[PCC| = 1 the
correlation is linear, if PC'C = 0 the correlation is not linear with all the intermediate
values representing different degrees of linearity. It is important to point out that in
the case of PCC = 0 does not mean that the variables are not correlated, but it only
means that if the correlation exists it is not linear. The PCC values for the statisti-
cal indicators and the capacity are shown in Figs. [5.1al [5.1b| and [5.1cl Pictures show
that the correlation, between the capacity and the four statistical indicators is strong
and can be considered linear. Moreover, they also show that while the variance and
maximum indicators keep a high linearity correlation for all three spike values, this is
not true for minimum and mean, whose correlation with the capacity decreases while
reducing the spike, being weak for the lowest peak.

The distribution of the capacity against the four statistical indicators for different
ageing levels can be seen in Figures and for current spikes Iy = 1, I, = %
and I, = § respectively. From Figs. 5.2} |5.3{and [5.4] it is also possible to observe that
the capacity shows a negative correlation with the four statistical indicators. Moreover,
it is also possible to observe that a reduction in the current spike is associated with a
reduction in the correlation between the statistical indicators and the capacity. This
happens because a reduction in the current spike brings a loss in the information carried
by the VR.

As introduced, a common procedure for training ML models is that of defining
three different sub-datasets starting from the original one. These are called training
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Figure 5.1: Linear correlation matrix of the features extracted from the voltage relax-
ation curves and the capacity. a) I, =1, b) I, = 2 and ¢) I, = 3.

dataset, validation dataset and test dataset. The training dataset is used to perform
the training of the model, the validation dataset is a never-seen set of data useful to
assess an estimation of the model skills while training goes on. The test dataset is a
never-seen set of data used to evaluate the model prediction error when the training
is complete, it gives an overview of the generalisation of the model and its ability
to work with never-seen data. Due to the small quantity of data available, only the
training and test datasets are defined. They are extracted by randomly splitting the
original dataset into two sub-datasets, where the 90% of the data is used for the
training dataset, and the remaining 10% is used for the test dataset. The function
used to perform this operation is part of the scikit-learn python library and is called
sklearn.model__selection.train_test split. It allows to randomly split the data and,
through the activation of a parameter called random _ state, it is possible to have a
reproducible output across multiple calls [106]. This can be obtained by setting the
parameter always to the same integer value. For the work under scrutiny, it is activated
and set to an integer to get the same output in different function calls.

In some datasets, may happen that the difference between the values of the features
and the target is orders of magnitude. In this context, scaling data might be beneficial
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Figure 5.2: Capacity distribution for different ageing conditions as a function of the
statistical indicators extracted from the curves obtained with a spike current of I, = 1.
a) Capacity vs variance, b) capacity vs maximum, ¢) capacity vs minimum, d) shows
the relationship between capacity and the average value of voltage and e) shows the
legend, T stands for Test and the subscript stands for the progressive number of the
test.

for the training of some ML models (see Section . For the work presented here,
min-max scaling is employed. This results in a new dataset where each variable value
is in the range [0,1]. The scaling is implemented by defining an absolute maximum
and minimum value for each variable involved and then by applying the formula:

X —min(X)
X = max(X) — min(X)
(5.2)
_ _ y—min(y)
Y, =

max(y) — min(y)’

where X is the scaled features array, max(X) and min(X) are the arrays of the
maximum and the minimum values of each feature respectively. The Same procedure
is applied to the label vector where y, is the scaled label array, min(y) and min(y) are
the arrays of the maximum and the minimum value of each label. For the algorithms
used in this contribution, scaling improves the learning ability of LR, and it is not
beneficial for GDBT and Random Forest Regression, thus the data are scaled only
before the training of LR.
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Figure 5.3: Capacity distribution for different ageing conditions as a function of the
statistical indicators extracted from the curves obtained with a spike current of I, = %
a) Capacity vs variance, b) capacity vs maximum, ¢) capacity vs minimum, d) shows
the relationship between capacity and the average value of voltage and e) shows the
legend, T stands for Test and the subscript stands for the progressive number of the
test.

5.3 Models definition & Training

The dataset described in the Paragraph above is used to implement three different
ML models. What pushes to development of three different models, is the necessity
to find out the best one in terms of prediction accuracy, and thus three completely
different models with different training algorithms are trained and compared in terms
of RMSE. The models implemented here are Linear Regression, Gradient Boosting
Decision Tree and Random Forest Regression, for which the mathematical description
is reported in Sections [3.1.3] [3.1.4] and [3.1.4] respectively. The objective of each model
is to estimate the capacity of each cell composing the battery given in input the dataset
(see Par. populated with statistical functions describing the VR curve. The VR
curve is summarised by using the statistical indicators maximum, minimum, average
and variance. All the models used in this work are implemented using Python 3.8.10
as a scripting language and the library Scikit-learn 1.3.0 [106]. In this Paragraph,
is reported the architecture of any model implemented in the context of this work.
Moreover, detailed information about the hyperparameters and the training procedure
are given.

As introduced, the models used to realise this work are implemented through the
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Scikit-learn library [106], in particular, they are implemented using the available class:
e sklearn.linear model.LinearRegression;
e sklearn.ensemble.GradientBoostingRegressor;
e sklearn.ensemble.RandomForestRegressor.

The class LinearRegression fits a linear model to minimise the RSS of squares between
the ground truth value and the outcomes predicted with a linear approximation of the
function described by the data. Class GradientBoostingRegressor builds an additive
model in a forward-wise fashion allowing for the optimisation of many differentiable
functions, which for the case under scrutiny is chosen to be MSE. In each iteration,
a regression tree is fit on the negative gradient of the loss function. The class Ran-
domForestRegressor fits a number of decision tree regressors on various sub-samples of
the dataset and uses averaging to improve the predictive accuracy, control over-fitting
and reduce the variance of the model. The parameters used to define the LR model
are reported in Table [5.1] the algorithm used for the optimisation of the parameters
is Ordinary Least Squares (OLS). The hyperparameters used to define GBDT are re-
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Parameter Value
fit_intercept True
n_ jobs None

Table 5.1: Hyperparameters used for the implementation of the LR

ported in Table while the hyperparameters used to define the Random Forest
are shown in Table [5.3] In order to have the model as accurate as possible, it is
necessary to properly set these parameters. Finding a proper setting of the param-
eters consists in finding out the best combination which reduces the error prediction
and allows a high generalisation. This involves a highly time-consuming procedure of
fixing the value of a parameter and varying all the others in a search space, training
the model and comparing the results to find the best compromise. This operation can
be done manually, requiring a huge amount of time given the large dimension of the
search space within which it is possible to choose the parameters defining the models.
Fortunately, Scikit-learn provides a Class to automatically realise this work. The name
of the Class is GridSearchCV. Given a defined search space, the function implements
a fit-and-score method to extract the best combination of the hyperparameters which
minimise a given loss function for a particular model. For the case under scrutiny, the
loss function is MSE. This approach is used to train both GBDT and RF. The results
of the hyperparameters tuning are used to define the final model, they are reported in
Table [5.2] and Table [5.3] for GBDT and REF respectively.

Parameter Value

n_ estimators 12

max_ depth 2

learning rate 0.9

min_ samples split 12

min_ samples_ leaf 12

loss squared__error

Table 5.2: Hyperparameters used for the implementation of the GBDT

Parameter Value

n_ estimators 24

min_ sample_ split 4

max_ depth None

main_ samples leaf 2

max_ features 2

criterion squared__error

Table 5.3: Hyperparameters used for the implementation of the Random Forest
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5.4 Results

The objective of the work presented in this Chapter is to implement a simple and
forward methodology to estimate the actual cell capacity for applications where the
charging process is not employed, such as for batteries employed in F1. The problem is
tackled here by using the VR triggered by a current spike. The VR curve is processed
to extract four statistical indicators, identified in minimum, maximum, average and
variance, to summarise the curve itself. It is shown that the four statistical indicators
are correlated to the actual capacity of the battery.

As introduced, current spikes might damage the battery. To reduce as much as
possible that possibility, three different magnitudes for the spike are used. For each
spike value, it is analysed the effect on the correlation between the four statistical
indicators and the capacity. This analysis is made to highlight if a variation in the
current spike affects in the possibility of estimating the cell capacity. Eventually, three
different machine learning models are implemented, or each current spike, to estimate
the cell capacity, and the best one in terms of RMSE over the training and test dataset
is selected. In this Paragraph, the results obtained with all the models implemented
are reported. The prediction accuracy of the three models is assessed via the root
mean squared error (RMSE), defined in Eq B.39] The same is used to compare the
three models for each value of the current spike.

The results of the predictions carried out for both the training and the test dataset
are shown in Table From Table [5.4] it is possible to observe that all three spikes

Model Current spike Train RMSE*100  Test RMSE*100
Linear Regression 1 2.20 2.27
GBDT 1 1.72 1.84
Random Forest 1 1.87 1.95
Linear Regression  2/3 1.61 2.60
GBDT 2/3 1.78 1.87
Random Forest 2/3 1.84 1.99
Linear Regression  1/3 2.31 3.08
GBDT 1/3 2.42 2.71
Random Forest 1/3 2.25 2.60

Table 5.4: RMSE obtained with each model over the train and test dataset

can be used to estimate the cell capacity with good accuracy. Anyway, the results
suggest that the best model is the GBDT trained with the spike at Iy = 1. This shows
an error of 0.0172 Ah on the training dataset and of 0.0184 Ah on the test dataset.
The result that the smallest error is obtained with the highest current spike, is not
surprising. This derives from the fact that the highest spike carries the largest amount
of information about battery health in comparison to the other two spikes. A reduction
in the magnitude of the current spike translates into a VR curve with a narrower
shape, which affects the statistical indicators chosen to estimate the cell capacity. The
variation of the voltage curve caused by a smaller spike brings information losses which
affect the final result.
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The comparison between the actual value and the prediction obtained with the best
model (the GBDT with the spike at I, = 1) can be seen in Figures [5.5] and [5.6] for the
train and test dataset respectively.
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Figure 5.5: Comparison between the ground truth and the prediction obtained with
the GBDT model for the spike at I = 1 over the training dataset, Figure (a) capacity
against the variance, (b) capacity against maximum, (¢) capacity against minimum,
(d) capacity against the mean.

The results reported in this Chapter, show that the proposed methodology can be
profitably used to estimate the actual cell capacity with high accuracy starting from a
simple test. Given the simplicity of the steps to get the data, it is possible to implement
this methodology in all those contexts where it is not possible to connect the vehicle to
a charging line. Moreover, the models implemented to map from the voltage relaxation
curve to the capacity are very cheap in terms of memory requirement and thus this
methodology is suitable to be implemented on BMS.

Despite the good effectiveness of the model, the main limitation of this study is
represented by the fact that the cells are tested in a controlled environment with fixed
temperature and with a single value for SOC at 60%. This may affect the result when
the procedure is applied with the battery in different environmental conditions, such
as different temperatures or different SOC.
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Figure 5.6: Comparison between the ground truth and the prediction obtained with
the GBDT model for the spike at I = 1 over the test dataset, Figure (a) capacity
against the variance, (b) capacity against maximum, (¢) capacity against minimum,
(d) capacity against the mean.
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Conclusions

Decarbonisation of transportation is seen as a key factor in reducing environmental
pollution, and thus in the last years strict regulations have been imposed to limit the
CO4 emissions. Following these regulations, carmakers started to invest massively in
the production of hybrid electric vehicles and fully electric vehicles which rely on bat-
teries as a supplementary or principal energy storage system respectively. Following the
tradition of the F1 of keeping pace with the evolution trends in automotive engineer-
ing, in 2014 also the F1 saw the introduction of an extremely complex hybrid system,
named the power unit. The system is composed of an internal combustion engine, two
different electric motors, a turbocharger, a battery and the respective control units.
All these systems are orchestrated and together cooperate to properly provide power
to the car. In all of these contexts, the Lithium battery assumes an important role,
being the main energy storage system for the electrical part of the powertrain. This
success is mainly driven by its characteristic of high power and high energy density,
long lifespan and low self-discharge which make these systems the most suitable for
applications where high reliability and low weight characteristics are required. Any-
way, besides the desired characteristics reported, the battery is subject to deterioration
which is referred to as ageing. On the one hand battery ageing lowers the capacity,
which translates into a reduced amount of charges that can be stored; on the other
hand increases the value of the resistance reducing the amount of power that can be
extracted from the battery and its conversion efficiency. Given the importance and the
actuality of the argument, in the last years, a lot of research has focused on develop-
ing methodologies to accurately estimate the health status of the battery, referred to
as SOH. Many approaches are available in the literature which can be organised into
three main categories: experimental, physics-based and data-driven. Anyway, some
approaches make use of hybrid methodologies belonging to different groups which can
be collocated at the intersection between the main categories. Despite all the efforts
made, nowadays there is not yet a methodology universally applicable to all situations,
and this makes the topic still an open research problem.

In this thesis, two different methodologies to estimate battery SOH are proposed.
The works reported here, arise from the necessity to find a fast and easy methodology
to estimate SOH which can be used in contexts, such as F1, where the battery cannot
be charged by connecting to a charging line, and thus it is not possible to access full
of partial charging/discharging curves.
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In one of the two works, the one reported in Chapter [4) the problem is tackled
by implementing a data-driven ROM of a cell. The model is developed under the
hypothesis that a battery can be seen as a series/parallel arrangement of cells all
behaving the same, as the modelled one. The purpose of the cell model is to estimate
the battery voltage taking in input current, SoC and temperature. As stated, battery
behaviour is the result of the interdependence of multiple physical phenomena, which
depends also upon time. To account for these dependencies, it is necessary to use
an RNN to develop the model. In the work reported, it is used an LSTM (which
is the most promising algorithm to properly model cell behaviour) with a many-to-
many architecture taking as input 2s of history of the current, SoC and temperature.
Based on these features the model estimates the battery voltage. LSTM is chosen
because the battery is a highly non-linear system where different physical phenomena
occur concurrently. These phenomena not only are highly interdependent but also
depend upon their past, giving a dependence upon time. The voltage estimated through
the model over a given working profile characterised by a given current, SoC and
temperature, is used to evaluate the voltaic efficiency that a battery would have when
working in those conditions if it were new. Such value is then compared with the
voltaic efficiency calculated from measured data of an aged real battery working over
the same profile. The comparison is carried out to estimate the degradation imposed by
the ageing of the real battery. Such a comparison can be done since the profiles used
to calculate the voltaic efficiency are the same. Two different results are presented.
One is to evaluate the prediction accuracy of the model, the other reports the results
obtained by applying the proposed methodology to estimate the degradation of three
real batteries. The prediction accuracy of the model is assessed by RMSE and by a
visual comparison for a portion of a driving cycle over four different sets: training
dataset, test dataset and two datasets representing a CC discharge. The results show
that the model can accurately predict all the different working profiles where the battery
is working. The worst RMSE is shown for a dataset representing a CC discharging
test, its value is 5.47 mV. On the other hand, the results obtained by applying the
proposed methodology to estimate the degradation to three real batteries working on
three different cars is presented. They show that the proposed method, based on the
comparison of the voltaic efficiency of an aged real battery with that of a new battery,
is an effective methodology to estimate the degradation to which the battery is subject.
Moreover, the results show that different batteries, subject to different ageing cycles,
age differently and thus also the difference between the efficiencies changes for two
batteries with the same mileage. The methodology proposed in this work can be
profitably used to estimate the battery SOH. Moreover, given the approach employed,
it can be used for online applications by embedding the model on a BMS since the
required computational effort can be sustained by modern BMS.

The other work, described in Chapter [5| proposes a methodology to estimate the
cell capacity through the voltage relaxation triggered by a current spike. To the best
of the author’s knowledge, this is the first time that the voltage relaxation used to
estimate the capacity is triggered by current spikes. Most of the studies available in
the literature make use of the VR collected after a full charge procedure with CCCV.
The problem of estimating cell capacity is faced with a hybrid methodology, which
can be categorised as half experimental and half data-driven. The method consists
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of applying a current spike of 5 s leading to a voltage step and, once the current is
removed, to a voltage relaxation. The data are collected for 10 s after the current
removal and are properly processed to extract four statistical indicators, they are used
as features to implement three machine learning models aimed at estimating battery
capacity. The processing of the data consists of isolating the voltage relaxation and the
following 10 s, this is realised through a script which exactly locates the point where
the current becomes null and considers a 10 s window starting from there, isolating the
VR curve. The curve is then used to extract the four statistical indicators describing
the curve itself. These are identified in maximum, minimum, average and variance,
which are shown to be correlated to the actual cell capacity. Since applying current
spikes might danger the battery, three different spikes are used with the aim of finding
the smallest one resulting in a voltage relaxation curve carrying enough information
about the battery capacity. Eventually, three ML models are implemented with the
goal of estimating cell capacity as a function of the four statistical indicators. These are
identified in multivariate linear regression, gradient boosting decision tree and random
forest regressor. The objective of the implementation of three different models is to
find out which is the best one, in terms of RMSE, to approximate cell capacity and
with what current value. The accuracy of each model is assessed by testing them
over the training dataset and a test data set. The results show that the best model
is the GBDT with the highest current spike. It shows a RMSE of 0.0172 Ah over
the training dataset and 0.0184 Ah over the test dataset. On the other hand, the
worst prediction accuracy is provided by the multivariate linear regression working
with voltage relaxation triggered with the smallest current spike. The RMSE over the
training dataset is 0.0231 Ah and the error over the test dataset is 0.0308 Ah. The
methodology proposed in Chapter 5 provides a fast and easy way to accurately predict
cell capacity in applications where the battery cannot be connected to a charging line.
Given the simplicity of the models implemented, the presented methodology can easily
be embedded in BMS since the computational effort required to run such models is
minimal.

As extensively reported, the problem of determining the health of a battery is
complex and there is not yet a universally accepted methodology which is suitable to
be applied to all the different contexts which can appear. In the PhD research, the
main focus has been of finding easy methodologies to estimate battery SOH in a special
context, with different battery management strategies compared to the passenger cars.
The research brings to implement two works with different characteristics, but anyone
with particular strengths that make it suitable to be applied in the reference context.
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