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Abstract

The growing interest in more electrified vehicles has been pushing the industry and
academia to pursue new and more accurate ways to estimate the xEV batteries
Stateof-Charge (SOC) The battery system still represents one of the many
technical barriers that need to be eliminated or reduced to enable the proliferation
of more xXEV in the rarket, which in turn can help reduce CO2 emissiBastery
modelling and SOC estimation of Lithium-ion batteries (Li-ion) at a wide
temperature rang@cludingnegative temperaturgsas been a challenge for many
engineers

For SOC estimatigrseveral models configurations and appresciere
developed and testeas results of this workncluding different non-recurrent
neuralnetworks, such aBeedforwarddeepneuralnetworks (FNN)and recurrent
neural networks based omong shortterm memory recurrentneural networks
(LSTM-RNN). Theapproaches hawsnsiderablymproved thexccuracy presented
in the pevious statef-the-art, andhaveexpandedheapplication througbut five
differentLi-ion & awide temperature rangachievingerroras low a$.66%Root
Mean Squar&rrorat-1 0 ugthganFNN approactand0.90%using LSTMRNN.
Therefore, lhe use ofleepneuralnetworksdeveloped in thisvork canincreasehe
potential for XEV applicationespeciallywhere accuracy at negative temperatures
is essential.

For Li-ion modelling a cell modelusing LSTMRNN (LSTM-VM) was

developed for the first timé estimate the battery cell terminal voltaged is



comparedagainsta gatedrecurrentunit (GRU-VM) approachand a Thirdorder
Equivalent Circuit Modebased orrhevenintheorem (ECM).The models were
extensively comparedo r d L fi fomtrtwe rdte r ange of temperatur
Thdae ST-MMhashown to be more oatctbearnatsmat khan th
wher e ¢ ou43dmVaRobt iMean &quare Error 220 , @ third when
compared to thesame situatiorusing ECM. Although the differencebetween
LSTM-VM andGRU-VM is not that steep.
Finally, throughout the work several methods to improvebustness,
accuracy and training time haveedpeintroduced, includingransfer Learning
appliedto the development of SOC estimation mogdstswinggreat potential to
reduce the amount of data necessary to train L&RRINW as vell as improvaets
accuracy.

Keywords: Deep neural networks, Lion, electric vehicles,state of charge
estimation,battery management systegrecurrentneural networks
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1. INTRODUCTION



1.1. Problem statement
The transportation industry faces many challenges to improve efficiency, expand
performance, advance connectivity, increase autonomy, and reduce emissions.
Some of the biggest automotive markets, the USA and China, have established
targes to reduce# / emissions by 12% and 18% respectively from 2017 to
202(J1]. The electrified vehicle (XEV) market is estimated to reach 7.4% of the
global car fleet. However, depending on the environmental policies applied by each
country, this number can vary from 3.5% to 18.5% [3]. Although due to the
uncertaintiesgenerated by the COVH29 pandemic, these predictions can be
largely affected as the current low investment on the oil market can be shifted to
green energy and electrified transportation sedifswhich can increase the
demand for better powertrain systems, includilegtric motors andnergy storage
systems (ESS).

The electrified powertrain is one of the most effective technologies to
enable the improvement of vehicle efficiency, but finding the best-tHdetween
efficiency and costgemainsa significart challenggs]. As the Li-ion, which
composse most of the XxEV ESS:emains one of the most expensive parts of the
XEV[6], [7], therefore significant research and development interests have been put
upon the improvement of the battery pack and its components aisgsteins, e.g.
Li-ion cell, thermal management system, battery managfesystem.

The battery management system (BMS) is responsible for interfacing the

communication between the vehicle energy management system (EMS) and the



battery pack[8]. The BMS contains all the algorithms and control policies
necessary to guarantee the safety and performance of the battery pack, including
the battery states, such as SOC, Statdealh (SOH), and Statef-Power (SOP).

The SOC estimation determines how much energy it is available in the vehicle
battery pack and has a significant impact on the vehicle EMS, including range
estimation, overall efficiency, and indirectly the vehicle cost iuoverdesigfb],

[6]. Therefore, estimate the battery SOC correctly it is crucial, @thdue to the
nortlinear nature of the batteries, especially at low temperd@]teit still a
challenge that the automotive industry has to {8ge[10]. For example, when
driving anxEV in countries like Canada, that traditionally have extremely cold
winters, a perceptive reduction in thehicle range capabilities will occur.
According to the historical data from 1981 to 2010 collected in Toronto, an average
of 100 days per year were belovC@nd 130 days under®f11], [12]; some days

it can reach temperatures as low-4$C {12] as showed on data collected from
colder cities, such as Trois Rivieres in the province of Quebec in Canada.

One of the simplest methods used to estimate the battery SOC is based on
Coulomb counting, which keeps track bétcharges and discharges currents of the
battery by summing the battery current over time, although it is a very unprecise
method when used for XEV application as the error tends to accumulate. Another
straightforward method is based on the battery arenit voltage (OCV), which
can be correlated to the battery SOC in a lookup table (LHGWever,it is not a

practical method for redglme estimation as it requirepeningthe battery terminals



and wait hours before the battery complete its final electrochemical reaction to
provide an accurate OCV measurem@nt which turns to be impracticér XEV
application. Hence, more sophisticated methods are necessary to deal with the
dynamics and notinearities of the XEV battery, which include modeised
methods, adaptative filters, machine learning algorithmslinear observer, and
the combintion of two or more of the methodsor a comprehensive review of the
different approaches to the estimation of SOC, SOH, SOP, and other battery states,
readers are referred 8], [13]i[15]

In 2019 thedaily amount of data generated by each connected vehicle was
four terabytes, but the total amount of data from all sources is expected to be 44
zettabytes in 203@6], which in turn forecast® generate 750 billion dollars by
2030[17]. Although this is only a small fraction when compared to the 15 trillion
dollars thatartificial intelligence(Al) can add to the world economy by 2(3%]).
Within this scenario, generglurpose teamologies, malgsine learning (ML), and
deepneuralnetworks (NN) can be applied to solve many engineering probkesns.
battery technology grows and matures, a significant amount of data is being
collected and analyzed in a partially or fully automated fas[ii®] to improve
battery design and usage. This plethora of data has made it possible to improve
BMS performancg20] via big data, the internet of things (IoT), cloud computing,
and the ML methods investigat¢ti3]. In the case of SOC and SOH estimation
based on ML methods, the main computational load demanded by these approaches

happens during its ofine training phase[21], making it feasible for



implementation on typical BMS hardwaréMachine learning datdriven
approaches to batterOC and SOHestimation have beeproviding recent
advancesn the field[7], [19], [22], [23]

Theresearch gap®lated tahe thesisproblem statemerare listed below:

Researchgaps summary
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Machine Learning approaches
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1.2. Research Contributions and Novelty
The results of this research represent significant contributions to the area of battery

moddling and state of charge estimation, as well as to the body of knowledge in



deepneuralnetworks andattery management systems field. In order to provide a
summary of research contributions, a list of original research goals presented in is

thesis ardisted below:
ResearchContributions

10.A ocmpr ehamd i oree ¢ ii €va bfno d hsce chpoew at ur e
effect for XEV application

11.Asurvey 6&60Chants®SPlhati on met hods base
appr omrchweisdo mgr e lce gsusvlei cati on compari
beween dif f,ergemdyv imedilgedtshfeo rg.ufiudt ur e wc
12.De weplmenmeohod to train and i mprove t
SOC estmodsdalegar ding gains error and ¢
by the sensors used to collect the mo
13.Sh owsd niploe dfanocent heeseariinmag i on error di sc
froomdelue to mul tmapl e | ocal mi ni

14.SOC estugnang oa asp pnlgil edVNKOYy bar ild Ener gy
Storage system-icooomp(olsFeRl, b8&atd d laind Le
(60Ah) 12 V baHytberriide sa,p pfloirc aMii corno.
15.Devel opalein bcneonbl d ek ilommggh o-tetr me mor y
recurnmeenmtat warmk esti mate the foel l term

di fferent abwiadd erarege amfd t emper ature c



16,.A ocmpr ehensi védet wmptahmionsdiEngu i val ent
Circui anliMaotdted r y v Dbl at saegie n ghmo- & Im
me momrgcume ened lwam@ght ec urarpepnrtoac hes .

17.1 nt r oduTcrtainosnd uacft i ve Tr antsofrapr dwer ni ng
the devel opment ofsuSOId g Dteirnmat i on mo
me moneyg u rnreeuméd lwo r k s

18.Devel opment of a SOC estimation mode
Neur al Wet worek ogenmaise dnmeanor Butt er wor
fil.ters

19.A ocmpr ehensi ve c dnepeadrfiddeonnaNabite w avre le n
with exogenamubonngedseirgpr tmeeaouyr ent

neur al net wor ks.

1.3. Organization of the Thesis

This thesis presents a combination of analytieakarcranddeepneuralNetwork

methodsused to propose advancementsiV Li-ion battery statef-chargeat a

wide range of temperature$hethesis is organized as follows:

Chapter 2 presentsan introduction of Liion batteries battery modelling, state

estimation methodsand finally a literature review onthe effectsof low-

temperatureseffects on electrified vehicle energy storage systenihe low

temperature effects are classified into nine catego@iepacity loss, Power loss,

Life degradationSafety hazard, Unbalanced capacity, Charging difficulty, Thermal

Managementomplexity,Battery modelling complexity, and Incremental costs.
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Chapter 3 providesa comprehensive review the stateof-the-art regarding the
application of Machine learning methotts stateof-charge and statef-health
estimation for XEV applicationlt also presentsa critical cross publication
comparison between all theethodsas well asoffers a guidelire for future
benchmark between models, including thdication of publicly available high
guality Li-ion battery datasets, crucial for theality for any model created based
on datadriven approaches such as machine learning. The chaptgredsmts the
results of 100 models trainéar stateof-charge estimation, showing thariability
of results due to multiple local minimiais avital factor to consider for angnachine
learning benchmark work.
Chapter 4 presents non-recurrentdeepneuralnetworkdesignfor Li-ion stateof-
charge estimation at multiple temperatur€kis chapter presentow themodel
based on théeedforwardneuralnetwork structure iduilt and how the model is
trained including a novel method to improve the model robustagaist sensors
gains and offsts that generate noise to the model is@urtdcan damage the state
of-charge estimationThe batterie§data acquisition and preparatiare presented
and discussedt also reinforces the effecof multiple local minimaon the variability
of resultsby showing the result of one thousand models.

A novel model designed to estimate #tateof-chargeof a 12 V Hybrid Energy
Storage System composed daye Liion and a Leaécid battery igpresentedand

the results discussed and araly.



Chapter 5 introduces a noveldtivalent Circuit Modebpproachusingl ong- shor t
term memory r ec urThemodel wastraimesnd teste@niarge r k s
datasets fromdifferent Li-ion batteries at multiple temperatureBhe model
performance ignitially compared to a thirrder Thevenin Equivalent Circuit
Model, showingconsiderable advantagespecially at lowetemperatureshe new
modelling approach is further comparedatsimilarrecurrentneuralnetworkusing

gated recurrent units. Both modet have their performance compared using
approximately the same number of paramededsthe same battery dataset at four
different temperatures

Chapter 6 presents a novel methbdsed on the use dfansfer Learningpplied

to improve the statef-chargeestimation modéhg usingl o n g -t sehramw tme mor y
recurr ent nEhadaorépt ohTeansfeoleaknthgs beenintroducedas

well astheLong ShortTerm Memorymodelling approachro validate the Transfer
Learning methodfour different test casewere presented and appli¢d four
different Liion types.

Chapter 7 provides a comparative analybistweertwo deepneuralnetworks state
of-chargeestimationmoddling approacks,oneusingtherecurretn neuralnetwork

with long short-term memory and the othera feedforwardneural network with
exogenous memoryFeedforwardneural network design process incluglehe
selection ofthe number of layers, parameteas well as selection b&veentwo
different filteing methodsmoving average anButterworth The two modeling

approachesare extensively compared under a varying number of parameters,

10



temperaturestrials, and speciasituations Two very distinctLi-ion batteries are

used in this work.

Chapter 8 provides a summary of the thesis, the major conclusions and the

recommendations for future research.

11



2. LITHIUM -ION BATTERIES , MODELS, AND THE EFFECTS
OF LOW-TEMPERATURES ON ELECTRIFIED VEHICLE

ENERGY STORAGE SYSTEMS

12



2.1.Problem statement
To overcomehelow-temperature effects on-ion batteries, it will be necessary to
gain more knowledge about the issue before proposing the developrpettafal
solutions. The main goal of thihapteris to presensome basic concepts of-lan
batteries batteries moels and acomprehensive review of lion battery low
temperature effects for xEWhis chapter is divided intiovo mainparts where part
one is composedf anintroductionof Li-ion battery and a introductorydiscussion
about energynanagement systems, battery models, and state estimation methods
and part twoa comprehensivéiscussion about nine classified lb@mperature

effects on the Lion, including some possible solutions presented in the literature.

2.2.Lithium -ion battery
The first Li-ion battery to be widely commercialized and capable to power devices,
such as laptops and cellphones, with superior quality than any other battery
chemistry previously in the market was the Lithium Cobalt Oxide (LCO/graphite),
with graphite anode,reated by Professor Goodenough and commercialized by
SONY[24][25]. The creation of the LCO/graphite helped the rebirth of the modern
electrified vehiclesand in this article, it will be used to exemplify sowieits

electrochemical reactions:

Positive electrode 00 0'Q Q W (; "0Of ¢

Negative electrode 0 QO " 6 Q

13



Net cell reaction 0Q0 60 & W Q0 ¢ o

O’= 3.7 V (cell voltage)

The cations of Lithium{{ "Q are physically transferred (diffused), from the cathode

(0 Q0 §to the anode) "Qpduringthecharging process, with the processersed

when discharging. The ions pass through a porous separator and are inserted inside
the active materiakrystalline structure on both electrodes.[26]i [28] visually
represents the electrodes structuresiithér detail, where theandy indicate the

Lithium proportion inserted inside of the electrodes, which values vary between 0
and 1, but the typical value pfor real cells are valukbetween 0.5 and[28]. The

Li-ion cell is also composed by a liquid electrolyte, normally composed by lithium
salt, such as & & and a noraqueous organic solvent, e.g. ethylene carbonate. The
electrolyte resides inside the separator and the pores of each electrode structure,

facilitating thed "Qransport.
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Figure 2.1 LCO/graphite Li -ion battery internal reactions[2]

2.2.1. Battery Capacity
One of the modbasicinformation necessary when choosing adr to compose
an ESS is the battery capacity, although generally represented by a single value
e.g. 5 Ah, it is not a constant value and is relative to other variables, including,
the battery chemistry, current, and temperature. The battery capacity is defined
as the amnt of electrical charge stored in the battery over time and is commonly
measured in AmperBour (Ah). Although, some ESS requirements can be
expressed in terms of Battery Energy, which is a related measure, defined by the
product of battery capacity ancdhinal Voltage, and is commonly measured in

Watt-hour (Wh).
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Figure 2.2 The capacity variation asa function of the current rate, when a constant
current discharge and voltage from 4.2V to 3V @ 5 C i s nda@Qigraphéaed
cell [7].

Li-ion battery capacity can vary as a function of the applied current rate, as
illustrated inFigure 2.2. The LCO cellin this examplghas an operational voltage
limit from 4.2V to 3.0 V, although this voltage range can also vary according to the
chosen chemistrj29].

Battery current rate is typically measured irR@tes, where a 1C rate is
equivalent to transferring the total batteapacity in one hour. If twice this capacity
is transferred in one hauhe rate would be referred to as a 2C, and the battery would
be expected to accept/deliver this capacity in %2 hour.

The capacity response to different current rates will also depend on the
chemistry of the cell, actual statehealth and its desida0]. On the example show

in Figure 2.2, the capacity reduced from 4.67Ah to 4.51Ah atx@5 when

16



respectively using constant current of 1C and[36{C The temperature can also
influence the Lilon capacity, as it can affect the speed in which the electrochemical
reactions occur. Further details about the temperature effects-ion will be
discussed later in this article.

One way to express the nbinearity of the battery capacity response to
different current rates is using the Peukert equaibh), whereCpis the capacity
of the battery in Ahl is the discharge curremtandK are Peukert constants that can
be experientially obtained and should vary according to the chemistry dnd cel
designi31]. Although simple to calculate, the Peukert equation is not suitable when
the application requires high variation of current, such as XEVs, which
consequently requires more accurate mathematical representations.

on 0O (2.1

Another limitation of this equation is that it does not consider the influence of
temperature, although some modifications can be implemented to include the

influence of the temperaty2], [33].

2.2.2. Battery Power
Theavailable batterpower is influenced by the variation of temperature, due to the
temperaturdbased impedance variation, intrinsically connected to how fast the
electrochemical reaction occurs inside the cell.
In most cases, when high currents are required over a @rat pf time,
the abovementioned reactions occur on the most external area of the electrodes,

polarizing the electrodes until the cell reaches itsofitoltages.
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Polarization is a deviation of the actual voltage from equilibrium, -open
circuit voltage, dominated by both electrical and diffusion resistance on the
electronic and ionic flow, respectively, which directly cause the cell voltage to drop
or to risg29], and can simply be described as the difference from the ot

voltage (OCV) and the terminal voltaf§d, [31].

2.2.3. Battery Life
Li-ion batteries may suffer from life degradation due to a combination of factors,
including relative current rates, number and depth of chargeddgelcycles,
storage conditions, and operation under high or low temperatures. The ideal
temperature for Lion to operate is between T5to 35C,although, it is acceptable
for XEVs applications to work fror20 C to +60C[34].

Measuring the capacity fade of the battery is one way to verify how the
battery is degrading and use this information to predict its State of Health (SOH),
which is an estimation of how wehe battery capacity compares to its previously
measured Beginning of Life (BOL) capacity. A general indication of Battery End of
Life (EOL) is when the battery reaches 80% of its BOL cap@&iy[36] and may
no longer be suitable for a XEVs application.

It is alsoessentiato consider the difference between cydie &nd calendar
life. Cycle life is related to the number of cycles the battery can support under
specific cycle regimes, and the related cumulative amount of Capacity / Energy
passed through the battery. Calendar life is the battery life measured imtilere

specific environmental and states conditions.
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To better understand the impact of temperature on tiegagrocess of the
battery, the Arrhenius law can be used to correlate, based on empirical experiments,
the temperature effect with the chemical reaction rate, represen{@®pywhere
K represents the chemical reaction radethe molecules collision rate which
increases as the temperature incred@eepresents the minimum energy necessary
to start the chemical reactiori®the universal gas constant, ahthe temperature
in Kelvin[37].

v 6Q 7 (2.2)
This temperaturearsusageing correlation can be seen in [26], where 1.5Ah 18650
Li-ion cells, NMC:LMO (1:1) cathode with a graphite anode, were cycled at a
constant temperature about nine times per day at a 1 C rate between 4.2V and 2.0V.
Each cel |l 6s c apmeasutedby eydirsythp celraii?Zy and S0l | y
is calculated as the capacity degradation. This procedure was repeated at different
constant temperatures until the cell sd cap:
at 25C, e.g. at-201C the cell SOHeaches close to 70% in 10 daysiroother
words 90 cyclesThe measured capacities represented in terms of SOH can be seen
in Figure 2.3, showinga sudden decrease the cells SOH as temperature varies
either above or below 28. Although, the predominant life degradation
mechanisms differ if the battery temperature is fownokt above or below P6. It
is important to remark iRigure 2.3 that there are onlgtfew points of measurement
for temperatures above and beloW@5the solid and dashed lines are only to help

visualize the trendWhen above 2%, degradation of the cathode and the solid
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electrolyte interface (SEI) growth on the anode $¢adncrease the Lion internal
resistance and reduce its capacity. When b@8\WZ, the Lithium plating formed

on the anodes leading to the reduction of cyclaliieslshown to be the predominant
factor of battery ageing. More details about the ageing mechanisms at low

temperaturgwill be discussed later in the article.
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Figure 2.3 NMC:LMO/graphite Li -ion SOH curves at 1C rate and at different
temperatures asa function of time [38].

Furthermore, according {81] even thoughArrhenius law helps in understanding
the dynamics that lead to battery life degption, deriving its prediction from one
temperature to another may be limited, especially at very low temperauyes

20C.-

2.3.Battery Models and StateEstimation Methods
As mentioned before, agssentiacomponent of the ESS is the BMS, which is a

system responsible to maintain ESS operation under safe conditions and meet all
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required performance criteria. For that is necessary to have a precise estohati
SOC, SOH, State of Power (SOP), and sometimes Remaining Useful Life (RUL).
This is not an easy task, due to the -tioearity of the battery, especially for
applicatiors such as xEVs, which are subjected to continuously varying current
rates, loadsrad temperature conditions.

This comprehensig vehicle operating envelope has a direct impact on the
BMS design, increasing the complexity of the system when compared to
applications such as mobile devicegy. cellphones and laptops. Much work has
beendone to date to design BMS based on accurate battery models or battery state
estimation methods. Theection will discuss two groups of battery models and three
methods that are commonly used for battery state estimation in automotive
applications. The modeélgroup is the Electrochemical model an@ihevenin
Equivalent Circuit Model (ECM)and the methods are the Coulomb Counting,

Adaptive filters, and Learning algorithms.

2.3.1. Electrochemical Model
Electrochemical Models are based on thesptal properties of the battery,
including the investigation and mdtleg of internal electrochemical phenomena.
Electrochemical Models can be a very accurate hingaenethod because they can
mathematically represent the internal phenomena of theybatter
Their most significant shortcoming is that requicesmsiderablesffort to
gather all the parameters necessary to build the nj@@El[41] and they tend to

become even more conqatedwhen it is necessary to parametrize the modehto a
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extensie range of temperature and current rates, asypisally required bythe

automotive application.

2.3.2. Equivalent Circuit Model
The ECM based onThevenin theaem, can represent the battery dynamics
reasonably well, using an electric circuit representation with one or more parallel
RC (resistanceapacitance)as show in Figure 2.4. As higher the number of series
RC elements are incorporated, the higher becomes the polynomial adehe
more complex become the modéd], [43].

The ECM also needs an O€30C relation, which is the relationship
between the OCV and the state of charge (SOC) of the battery, obtained
experientially, and it will vary for each battery chemi$8$]. A first-order ECM is
showedin Figure 2.4, wheret "Q is the battery SOC at instant k andd ¢ Q ,
represents th©@CV-SOCrelation in discrete time domaily, represents the battery
internal resistancéYy and0 representrespectivelythe resistance and capacitance
responsible for the battery dynamic response in time. The relation of the ECM
parameters for the gimean examplas characterized b{2.3), (2.4), and(2.5) where
D Q,Q "Q, represent the current M and®d respectively—.the Coulomb

efficiency, andQ the battery nominal capacity, aid the time interval.
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Figure 2.4 ECM using first-order RC network
Q0 p APD %Vo Q0 p A@D %yo goo (2.3)
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- - wo . . .

aQ p aQ 6;— Q7Q (2.5)

Although to maintain the model accuracy when submitted to a wide range of
ambient temperatures it may require @€V-SOCand’Y to be as function of the
temperature 0OCV-SOC (T)andY “Y, whereT is the battery temperatyde].

As the temperature has significant impact on the battery internal phenomena, for
example affecting the diffusion rate, internal resistance and battery capacity. As
consequencgethe engineering effort to obtain all the parameters for ECM also

increases.
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2.3.3. Coulomb Counting
The Coulomb Counting method integrates the battery current over time, calculating
the amount of energy flowing in and out of the battery, expressed in Ah. This is a
simple and good method, when used on batteries with constant chadisgihgrging
current ates and temperatures. For automotive applications, which have diverse
current rates over time, this method tends to accumulate measurement error, caused
by current sensor inaccuracies. Another limitation is the necessity to have a precise
initial SOC, inorder to work properly, but this can be troublesome if the battery
SOC vary after hours/days of parkifid], [44], [45]. As the SOC is the ratio of the
amount of energy available in the battery andaieulated as function of a fixed
rated battery capacity, this method is also prone to even more inaccuracies as the

battery temperature varies.

2.3.4. Adaptive Filter Algorithm
The Adaptive Filter Algorithm methods include the following; Kalman Filters (KF),
Extended Kalman Filter (EKF), Unscented Kalman Filter (UKF), Sigma Point
Kalman Filter (SPKF), Particle filter (PFH& Filter, Recursive Least Square
(RLS)[10], [46].

The EKF is the most frequently used neethof this group, as KF cannot
work with nonlinear equations, such as those required fooihibatteries. EKF uses
linearization techniques applied to the KF, which aresalfecting mathematical
equations that iteratively calculate the minimum squaledation between the

estimated andctualstates until they reach a convergence solution close to zero.
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As for battery modéding, the adaptive filter algorithms work in combination
with battery models such as ECM and Conventional in order to improve their

estimation accuracy and adaptabi[®y, [47].

2.3.5. Machine learning

Machine learning algorithms atesefulmethods for the calculation of ndinear
equations, but in some casesquire large amoustof data to capture all the
necessary features aadequatly perform the estimation.

In the case ddrtificial neuralnetworks (NN), themost significabhadvantage
of this method is to be able to estimate the battery belrawithout necessarily
gathemg any previous information related to the physical battery, such as chemistry
or its internal structure. Although this method is highly dependent on the available
data and its chosen structure to perform satisfiagtf8], [39]. In Figure 2.5 is
shown a NN structure built to estimate the SOC of-mhibattery and a leaakcid
battery[19], where it is composedf two hidden layers with respectively four and
two hidden units. The complexity of titNN structure can be related to the number
of hidden layers, hidden units, the number of input and output variables, aswell
how they are interconnected. Othé variaions such asecurrenneuralnetworks
(RNN) andsupportvectormachine (SVM) are alscsignificart to solve noHinear
problemsand they cabecombined with another method or battery mgégI[50],
[51].

In order to predictite RUL, some work hs been done using machine

learning algorithmi®2], [53]. The RUL s a prediction of how much longer the
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battery is still capabl®f providing the required energy and power for a given
application. It can be derived from a combination of many variables, such as
environmental temperature, SOC, SOH, current rate, caleifdarapplication,
internal impedance etc. FREVS, the RUL can be considered to be the remaining
number of cycles the battery can support but maintaining the minimum vehicle
requirements of energy and powemhich caninfluence the vehicletotal life ccst.

Due to the number of variables and the -inear response of the battery, the
prediction of an accurate RUL remains a great challemgeé advanced machine
learning methods, such as Long SkHioetm Memory RNN (LSTM) have been used

to predict the RUL 6Li-ion batteries[54] properly
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Figure 2.5 Schematicof feedforward three-layer network and 12 inputs for estimating
SOC of two batteries
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2.4.Low-Temperature Effects on Lilon Batteries
In this section, the effect of low temperature onda batteries will be approached
in more detail, subdivided into nirggnificant effects that directly or indirectly
affect the battery operation, seen. Ivitgl to notice that all effects describbdre
are in some way correlated to each others Work intend to capture as much as
possible thecritical aspects related to the operation ofidn batteries under low
temperatures in XEV application and to help guide the development of solutions to

overcome these constraints.

2.4.1. Capacity Loss
When a XEV operates under stero temperature environments, it may impact the
Li-ion battery temperature which can leadateeductionin its range capability.
According to a set of studies in Candbl4], [55] the EV range can be change at 1.1
km/ C «ate. The Studies also show that;7a€ the vehicle range can be decreased
by about 20 %, without any auxiliary load draining energy from the battery, e.g.
cabin heat, in comparison to the same condition &t,20hd it can be reduced by up
to 60% at20 C,with all vehicle auxiliary loads turned on.

The studies showed how significant are the auxiliary loads used to improve
the driver comfort during cold weathers are on the range reduction. Not taking into
account these auxiliary loads when the battery temperatures are reduced, there is an
incrementalmpedance increase, due to slower diffusion rates in the solid electrodes,
electrolyte and SEI, which is further aggravated if the current rate is also increased

[31], [33], [34], [37], [56], [57]
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Figure 2.6 LFP/graphite battery capacity losses at constant low current at different
temperatures

When at sutzero temperatures and when a very low current is applied, e.g. C/10, in
acondition that can be considered pseogeneecircuit-voltage, a reduction on the
nominal capacity can still be observed, due to polarization of the electrodes caused
by high electrode activation energies and the ratio between the anode and cathode in
thecell desigfi37]. An LFP/graphite battery capacity loss showRigure 2.6 helps
to illustrate these cumulative effects, where the battery lost 44% of its capacity when
discharged at only 0.2C constant rate28tC,-but also increased by 4% when at
40C [44], [56].

The battery mustontrolits temperature to overcome or mitigate this issue
and keep the vehicle performance in the desired range. Without having to change

the type cellsthere are many strategiedieat the battery to the targeted temperature
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actively. Some strategies take into account the energetic overall cost, which often
suggests that ptieeating a battery before driving using an external power source,
such as a level 1 charging station (120VAC, 16 A), is energetically more efficient
when @mpared by heating the battery while driving the veli&lg [68]. Although

even when prbeated, the battery will not necessarily be exempt from the
requirement to maintain an active heating system during vehicle operation, this

should be ddresedaccordingly to each ESS design.

2.4.2. Power Loss

The battery power capability is directly related to the ability of the battery to deliver
high current ina short periode.g. 5 to 30 seconf87], [60]. As the batteries are
electrochemical devices, they are dependent on both electrical and chemical
phenomena that ideally showd-occur, although, thigs not true in practice. In the
case of Liion batteriesthis time difference built between demand and respisnse
dependent on the {ion diffusion rate in the electrodes, electrolytes and[SHA|I

When the battery operates under low temperatures, the diffusion rate can be
significantly reduced, especially in the graphite anode, leading to cell polarization
[31], [56], [67], [87]. The higher the polarization, the higher becomes the time
necessary for the diffusion to be completed andbtiver the resultant battery power
capabilities[62]. Batteries with better power capabilities require lower diffusion
time/higher diffusion rates, lower internal resistance and lower activation energies

[37].
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Table 2.1 Li-ion and Supercapacitors specifications

Specification LFP NCA NMC SC

Specific power (w/kg) 2501600 700-800 5002400 500-100k

Energy density (kwh/l) 250500 500-670 230550 10-30

Specific energy (kwh/kg) 80-140 145240 126-210 2.515

Cycle life (cycles) 10062000 10001280 12031950 >100k

Cost ($/kwh) 300600 300600 300600 3002000
© 2020 IEEE

One method to solve or to reduce the negative effects of low temperatures on the
batteries is to combine batteries with supercapacitors (SC), which are less sensitive
to temperature variations than batteries and have high power densities. The cost and
compexity of usng such a hybrid energy storage system (HESS) can be a downside
for this approach63]. The specifications of three types ofibh batteries, all with

anode graphite, and SC are shawiTable 2.1, where the cost and power density

of an SC can be significantly higher than aitn [10]. Another approach may
involve changing the Lion cell cathode and/or anode materials and electrolyte

composition, or athesystem level, heating and use preconditioning stratfspés

2.4.3. Life Degradation
In case of EVs and in some types of HEVS, the ESS is the most expensive part of
the vehicle, which consequently means thatubeful battenjife hasa relevant
impact on the vehicle market adoption, and thus igsentialto improve and

mai nt ain the v 6l dndeestarddingohaw theebatierg agasl | f e
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required to better measure and predict its usefel Bspecially at extreme use
conditions such as at high and negative temperatures.

In the case of low tempdraes, aging effects should be even more
pertinently applied to countries like Canada which can have more than 100 days per

year under suzero temperature and may see temperatures as led0@s[12],

[54], where even simple vehicle maneuvers can damage batt@$]life

As the battery agegts perbrmance also gradually fades until it reaches its
automotive life threshold, which is generally considered to be when the capacity is
reduced to 80% BOL or its internal resistance is increased in 33% dbBOEor
Li-ion batteries, it is well established in the literature that lithium plating lzage
impact on cell life degradation, leading to impedance increase, loss of active material
and safety hazards.

Lithium plating is wherLithium ions deposit as metallicithium on the
anode surface, rather than intercalating into the anode mateteitiplly forming
dendrites that havéhe large surface area and that are very reactive with the
electrolyte, and incrementally reducing the amount eifohi available for the
desired galvanic reactid®7]. As more metallic lithium deposits on the SEI, the
Lithium will destroy the existing SEI layer, allowing more electrolyte to be
consumed, during the reformation of the SEI, and reswaltnet thickening of the
SEIl layer. Asa consequenceLi-ion diffusion becomes more difficult, and
intercalation rates into the graphite electrode become slp4idr In general,

extremdy low temperatures and high current rates exacerbate this plating
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phenomean, and the graphite electrode becomes more prone to permanent damage,
in turn reducing the life of the batte§8], [69].
Using lithium titanate (LTO) instead of graphite, makes the cell much less
sensitive to lithium plating, due to the difference in equilibrium potential that are
~0.1V ketween Li/Li+ for graphite, but closer to +1.45V for LTO and Li/l[65],
[70]. For example, the NMC / LTQ.TO anode), may add cost to the system design
as it will require the addibh of more cells in series to reach the necessary pack
vol tage, because of the LTIR9],comparedte | ower
other types of Lion batteries that use graphite as their anode materigl

NMC/graphite (3.6 V), LFP/graphite (3.3V), NCA/graphite (3.6¥1].

2.4.4. Safety Hazards
Due to its high energy density, intrinsic safety constraints and wide use in XEVs
application, the Lion battery shall be required to comply with several standards and
regulationsconcerninghe safety of the persons inside and outside the vehicle. The
safety requirements, including legal and technical requirements, &alieect
influence on the design of the cell, module, ESS and the vehicle, although these
requirements may vary from country to country.

The difference between a standard amedulation is that standards are
conventions based on the recorded best practices from academia, industry and
market, in generabrganized by nogovernmental entities e.g. SAE (Society of
Automotive Engineers) and USABC (formed by Ford, FCA and GM)abkeitnot

compulsory, and despite thatcan be referred by regulations, which have the power
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of law, e.g. NHTSA (National Highway Traffic Safety Administratigi2]. An
example of relevantstandards and regulations used for Lithilom in the

automotive industry are listed belowTable 2.2.

Table 2.2 Safety standards and regulations related to automotive battery tests

Region Standards and regulation
International SAE J2464, SAE J2929, ISO 124062)(-3), IEC 62606€2(-3)
Europe UN/ECE-R100.02
USA UL2580, USABC, FreedomCAR
Korea KMVSS 183
India AlS-048
China QCI/T 743, GB/T 31467.3
© 2020 IEEE

Motivated by the need to improve the safety of the batteries at high temperatures,
many studieq73]i[75] have been published to address the concerns related to
battery failure mechanisms and their related hazards.

One of the main safety concerns is to avoid thermal runaway; sudden
temperature increase, due to uncontrolled electrochemical reactions, leattiag
battery destruction and high risk of fire and explosion. It happens due to side
chemical reactions not related to the desired galvanic reactions, responsible for
charging or discharging the battery, which incrementally gersaratee heat, and
without dissipation, the accumulated heat increases the internal pressure, due to the
electrolyte starting to boil, or possibly decompose, thereby increasing the risk of gas
leakage, fire and explosion.

Thermal runaway can be trigged by mechanical, e.gtyzioe duringacar

crash, electrical, e.g. overcharging, thermal ajhuseexposure to heat aboveG-
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where the thermal runaway may occur spontanef@gly{74], [76]. A combination
of more than one of these factors may increase safety hazards.

One potentiafailure mode caused by the formation and growth of dendrites
originating from Lithium plating is a cell internal shaitcuit, which can potentially
be followed by thermal runaway. The probability of a thermal runaway event can be
aggravated by forcing ad batteries to cycle under extreme temperature conditions
and at high current rates, effectively driving the battery to-okarge or over
dischargf67].

Although thermal runaway is unlikely to happen at low temperaf84és
the detection mechanisms of internal stoartuit that trigger the thermal maway
is not well understood and still need additb examinatiofy6]. Furthermore, the
only standard that specifies an extrgmew-temperature test is the USABC:1999
designed to test theerformance and safety of the battery (cell, module and pack)
under temperatures down-#0 C[42].

Another safety issue that should be carefully addressed when designing an
ESS with Ltion battery for an EV or HEV is the possible vehickslof power when
driving at extreme lowemperature condition®.g. lack of power when passing
another vehicle in a highway during winter. The powertrain control strategy needs
to account for that situation, and accurate information of the battery SOP is
necessary, notwithstanding the high ioearity of the battery especially when

combining high current demand and lbewmperature conditi¢gB1], [64], [77]
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2.4.5. Unbalanced Capacity
At asystem level, the b&ry can be affected by the inhomogeneous heat distribution
in the battery pack78], which is not an effect exclusive whtre battery pack is
exposed to low temperatures, althoitgh always important to be considered in any
ESS design.

A battery pack can have as many as thousandsiohlgells distributed in
different ways in the vehicle, which consequently have soetle operating at
different temperatures than oth¢44]. Asalready mentioned, at low temperatjre
the battery is more likely to lose effective capacity and power capabilities due to
slower electrochemical kinetics, increasing battery polarizdinforcing some
vehicle manufacturers toversize the ESS or to include complex and expensive
temperature control systems.

When a few Liion cells in the ESS are functioning at a lower or a higher
temperature than other cells in the pack, the whole system operating conditions may
be limited ly the lower capacity cells, in order maintain the safety condition of the
pack, and avoiding cells from experiencing overcharge oraigehargd80]. The
capacity loss is aggravated if the temperature difference amongsdedber than
56 [79], [81], which can also increase the likelihood of Lithium plating when
charging at low temperaturfs/], [82], [83] It is then necessary njoist toheat the
battery system, butlso © control its thermal distribution, maintaining the

temperature difference among cells beldv [5].
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2.4.6. Charging Difficulty
Charging the Lion battery at low temperatigean be challenging, as the electric
current needs to be controlled to avoid cell and battery-wtages, which can
consequently bring safety andeaw issues. Charging at low temperatures is not
always recommended in every situation. For instaheelatasheet of batteriesich
as Panasonic 18650 LiNiCoAIO2 speesfthat it shouldhat be charged below +10

© [33]. In some cases, however, avoglicharging and operating the XxEV battery

under low temperatures is not an option, especially in countries like Canada and
Sweden12], [55].

Defining a battery thermal strategy is then crucial to maintaining the
performance, life and safety of the battery under cold conditions, whether during
parking ordriving[59]. Charging the vehicle in cold weather can also double the

charging time when compared to 8 charging tempeture, partly due to the

lower charge rate required at these lower tempergBdiefreheating the battery
before driving can, howevgeduce the SOC effective loss to as little agad%@and
also improve the vehicle rangé].

To improve charging efficiency of the battery and even allowing fast
charging in cold weather, tracking its polarization voltage and SOC, and adjusting
the current amplitude and frequency shdwtp to quickly heat the battery, without
compromising life and safd86]. Futhermore, fast charging the battery to a partial

state of charge (PSOC) may be less damaging to the battery, than charging close to
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100% SO(87], emphasizing that an accurate SOC estimation is fundamental, for

an efficient charging protocol.

2.4.7. TMS Complexity

The objective of a excellenthermal management system is to maintain the battery
temperature as close as possible to its ideal temperature operation range, which for
Li-ion batteries is from X3 to 39 [34], under the full vehicle operating envelope.
The ESS target set by USCAR for EV commercialization for 2020 requires that the
battery should support environmental temperatures {8 to 52 . Please note
that the USABC expestt least 70% of the battépyelectrical storage capacity
be available at306 when discharged at C/3. To meet this goatiwetell capacity
variation must be considereBesidesshould also improve other characteristics,
such as celspecific energyo 350 Wh/kg and system cost to 125%/k{88].

Thermal management strategies can include the use dieslhg[34],
[89]1 [91], cooling/ heating byonvection or liquid, use of an internal or external
power sourcd6], [19] phase change materig2], preconditioning during
charging/discharging, new cells degigf] or even the combination of two or more
of these strategif&l]. Examples of these strategies have been provided by early
experiments and commercialized vehicleg). Tesla Model S, Nissan Leaf, GM
Bolt [85], [93], [94] Some of the strategies altastrated inFigure 2.7.

A mutual pulse heating strategy is illustrated-igure 2.7(a), where the
cells in an ESS are divided to two or more groups and connected by a specially

designed ddc converter. The cells are uniformly heated whe@dOC converter
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boosts the voltage of one group to be able to charge the cells in the other group,
while in this process, part of the energy is stored in the aallisthe rest is dissipated
as heat due to the cells internal resistance. This process is dapdzith directios,
from one group to another, with controlled pulse signals to maintain this cell
capacity balanced and mitigate life degradd€i6h

In Figure 2.7(b), another selheating strategy is shown, which is
characterized by a closéabp system where the cells use their energy to power a
fan and an external resistance. The heat generated by the external resistance is
transferred by convection to heat the cells. This strategy has the advartiage to
the cells quicklybut may requiremore space for airflow, fans, and external
resistanceAlso, this strategy shouldat heat the cells as uniformly as the mutual
pulsed heating strategy. To illustrate a simple cooling strakégyre 2.7(c) shows
an example of an external AC power source, e.g. vehicle alternator, powering a fan

to blow the heated air out of the cells.
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Figure 2.7 TMS examples. (& Seltheating by modulating current input
and output from a group of the cell to another. (b) Setheating by
convection. (c) Air cooling using an external power source.
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For any of the strategies discussed abawmeaccurate mathematical model may be
necessary to simulate the battery response to energy and power demand under
different temperature conditions. Mdlileg by coupling both thermic and
electrochemical battery behaurds one approach to predict the Horear reaction
of the LHion ESS. When the battery charges and discharges, it also generates heat,
which in cold conditions can be beneficial to the battery performf@jcand it
should be taken into account when developing an electrocheiimécadal model
[95].

Although, the setheating effect is considered more relevantatmng
distance trip than for short trig@6], [97] and an imprecise or unrefined TMS may
also increase safety hazards; e.g. liquidliog leakage and short circuit, and may

also reduce the battery performance due to thermally unbalancgdigellS8].
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Table 2.3 shows the distribution of types of TMS currently in use by major XEV
manufacturers in the wor[@9]. Forced air is related to the type of TMS that requires
a fan to blow the air and transfer heat by convactis shown ifrigure 2.7(b) and
Figure 2.7(c), and Natural airflow is the heat transfers that occur without the need

of such devices.

Table 2.3 Type of TMS recently in use by XEVs

TMS/XEV Liquid FO;i?ed Zﬁ;ﬂ) r\zl Refrigerant Ilasillt;etiroﬁ

HEV 5% 83% - 12%

PHEV 55% 30% - 15%

EV 49% 21% 22% 5% 3%
© 2020 IEEE

2.4.8. Battery Model and State Estimation Method Complexity
The battery mathematical modat well as thenethods used to estimate the battery
statesare critical to ensure the vehicle control strategy and driver s&fetyever,
the battery has nelinear behaviar due to its dependenayn electrochemical
reactions, which also are interconnected with temperature var[@@pnshe non
linearity of thebattery behaviar tends to increase as the battery temperature
decreasd80], forcing the mathematical models to become even more complex to
capture the battery behaviour accuratatyd then mvide precise information to the
vehicle energy management systdr]. For example, when designing BCM to
estimate the battery SOC for a wide range of temperathe®CV-SOCrelation
and internal resistance should also&tinction of the battery temperature. In

practice it could be translated into the creation and use of multiple lookup tables,
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one for each temperature or temperature range. As these lookup tables must be
embedded in the BMS and computedayicroprocessor, it should increase the
computational load of the system when compared to a simpler reogeECM
designed for single ambietemperature with only o@CV-SOCIlookup table.

The difficulty to accurately estimate the SOC at low temperatures also
should lead to even higherder ECM and the inclusion of more paramgterg.
one or more extra RC pairs in the ECM, leading to further complexity and
computational load. It should be harder evercharacterize the battery and its
parameters for a wide range of temperatures facing the electrochemical constraints
imposed by low tempetares. For example, the ability to measure the internal
resistance of the battery, at certain current rates, using a hybrid pulse power
characterization (HPPC) test method becomes much harder when tested at negative
temperatures, as the anff voltage isreached prematurely due to high polarization
effec{100]. Other techniques, such as electrochemical impedance spectroscopy
(EIS) may benecessary to capture the desired resistance parafd&}ef30].

For nonparametric methods used to estimate battery shiftest is still
necessary to collect a large dataset from the battery, which can require more
develgpment hours, generating data at different temperatures in test b¢Bithes
[48]. Although due to the complexity of the battery information encoded in the data
for a wide range of temperatgréheNN structure should be adjusted to be able to
estimate the desired battery states accuratdlis dan be done by adding more

hidden layers and hidden units. This will increase the number ofNtke
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parametefd9] that have to be computed by the BMIgading to higher

computational cost.

2.4.9. Incremental Cost

Cost is considered as a product of a chain of decisions, whether good or bad,
that carsignificartly influence thewvidesprad use of XEVs. AESS using a Lion
battery can represent close to 50% of the vehicle[t64{, [102] The cost of the
battery cell is derived from its components, materials and processes, but most of the
cost cones from theactive cathod materigl which represents about 20% the
cosf103]. It is estimated that when the cost of thedri cell reaches the $100 per
kWh, it will be able to compete directly to ICE (Internal Combustion Engine)
vehicles in terrof production co$88], [104].

Battery cost@redecreasing consideraldyncethelast decade, from $1000
kWh [6], [44], downto $300 kWhin 2018 due to great investments on increasing
production capacitygndimprovemento the cells energy density103], [105] At a
system level, however, there is still room for design improvement, as the ESS can
be overdesigned, adding more cost to the vgRig]e[94]. It is assumed that part of
this overdesign is the consequence of the difficulty in understanding and predicting
the nonlinearities of the batteries under different driving and temperature
condition$26], [106], [107]

The effect of low temperature on the battery cost can be translated as a side
effect, generated from the several technical solutions implemented to overcome the

effects of operatigp under low temperatures, but which can become the problem
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itself if increased tehepoint that will make the vehicle unaffordable or unattractive
to costumens].

For example, one technical approach that may increase the system and
vehicle cost is the use of supercapacitors (SC), together with batteries, which can
mitigate several prdbms related to power capability when operating under low
temperatures. The SCs have much higher power density tloarbatteries and are
less sensitive to temperature variations, but, up to now have na bestreffective
solution as the SC needs lte reduced about to 1/3 of its cost and weight to be
commercially attractive for PHEV applicati@®] [63], [108].

Another technical approach is to use LTO instead of graphite in tioa Li
anode, vinich makes the cell less prone to lithium plating on the ai&&dg[70] and
consequently more robust t@mw temperatures. As mentioned before, this
technology may add more cost to the system, especially for high voltage ESS, as it
should require more cells connected in seesefich the desired system voltage,
since the LTO battery has relative lower norhwvaltage, 2.4\29], compared to
other types tbchemistries that use graphite as their anode matexgalLFP/graphite
(3.3V)[71]. In the end, it is all about traadfs, and even a small advantage in a
specific situation, as the battery operatiomder low temperatures can éssential
to help enlarge XxEV market acceptancel able 2.4 is shown a forecast for 60kWh

battery pack and cells up to 20A®9].

Table 2.4 Price forecast for 60kWh battery pack and cells
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60kWh pack 2020 (100k units/year) 2025 (500k units/year)
Cell materials 70-85 $/kWh 55-75 $/kWh
Cell price 110130 $/kWh 80-110 $/kWh
Cells in pack $ 7200 $ 5700
Pack price $ 9000 $ 6950

© 2020 IEEE

2.5.Conclusion

The effects causetly the low temperature on the battery are connected. For
example, the EV range reduction is, in part related to the use of auxiliary loads used
to maintain the comfort of the users and not entirely related to the slowan Li
diffusion rate, and that evert a pseudepeneccircuit-voltage, there is still
observed loss of battery capacity at extrigniewv temperatures. THeadingcause
for power degradation is the growth of SEI, which is exacerbated by irreversible
metallic lithium deposition, especially ithe case of graphite anodes. Lithium
plating is also responsible for the formation of dendréed resultant safety hazard
increase.

Controlling and managing the temperatur@ssentiglnot only regarding
the LiHion cells but also to thentire system, as cdlb-cell temperature variation
should be minimized and as uniform as possible to avoid system underperformance
or oversizing, adding cost. The existence and combination of these many; factors
general increase the overall complexibf the ESS, increasing cost and control
complexity. However, understanding how they are connected and what are the root
causes, beconessentiato find the best solutions and strategies with a good balance

among performance, safety, and cost.
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3. REVIEW OF MACHINE LEARNING APPLIED TO BATTERY

STATE-OF-CHARGE AND STATE -OF-HEALTH

ESTIMATION
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3.1. Artificial I ntelligenceand battery state estimations
Machine learning datdriven approaches to battery state estimation have been
driven by recent advances in artificial intelligeri@g in fields such as computer
vision and autonomous vehicles. Thend@iagram inFigure 3.1 shows how the
field of Al is subdivided, including Machine Learning and its subsequent divisions
of representation learning andegielearnind110]. Figure 3.1 also shows how the
scope of tis survey, the state of the art of machine learning SOC and SOH
estimation methods for electrified vehicle€V), is bounded within the Al field
while permeating all subfields of machine learniggure 3.2 shows a structured
summary of the SOC and SOH estiraatinethods considered and analyzed in this
chapter For a comprehensive explanation of ML itself and its basic math, interested

readers are referred ftb10],[111].

!

"-l_ Representation ' Machine

Learning 1 Learning
I

XEV SOC and SOH
Estimation

© 2020 IEEE

Figure 3.1 Venn diagram [110] showing the relation of xEV SOC and SOH
Estimation to the field of artificial intelligence and machine learning
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As battery technology grows and matures, a significant amount of data is being
collected and analyzed in a partially or fully automated fasfii®hto improve
battery design and usage. This plethora of data has made it possible to improve BMS
performancg20] via big datathe internet of things (IoT), cloud computing, and the
ML methods investigated here. In the case of SOC and SOH estimation based on
ML methods, the main computational load demanded by these approaches happens
during its offline training phasg21], making it feasible for implementation on
typical BMS hardware.

The remainder of thehapteris structured as follows: Sectidl reviews
ML methods for SOC estimation, Secti@8B focuses on SOH estimation, and

Section3.3gives concluding remarks.

\
Machine Learning Applied to xEV SOC and SOH Estimation

s

( SOC | | SOH }
{ N
:

-

Recurrent neural Non-Recurrent Non-Recurrent Recurrent neural
network (RNN) neural network neural network network (RNN)
'd
Long Short-Term Feedforward neural Feedforward neural Long Short-Term
Memory (LSTM) network (FNN) network (FNN) Memory (LSTM)
S { —_——
Bidirectional Long Radial basis function Radial basis function Bidirectional Long
Short-Term Memory (RBF) (RBF) Short-Term Memory
L (BILSTM) b (BILSTM)
Extreme learning Hamming networks | -~ - -
Gated Recurrent Unit machine (ELM) (HNN) Dynamically Driven
(GRU) N\ < / Recurrent Network
Support vector Support vector (DDRN)
4 Nonlinear N PP PP ~

- ) machine (SVM) machine (SVM)
Autoregressive with

exogenous input
(NARX) J

Bayesian network

(BN)
s R
Dynamically Driven
Recurrent Network
\ (DDRN) ) )
© 2020 IEEE
Figure 3.2. Structured summary of the ML methods considered and analyzed in
this chapter
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3.2. Battery state of charge estimation

This section presents relevant published work regarding the estimation of battery
SOC using machine learning methods. The battery SOC exjthiealent of a fuel
gauge used in traditional gasoline vehicles. Although, unlike the fuel gauge, to
determine the percentage of useful energy left inside the battery, it is necessary to
perform an indirect measurement of the SOC via estimation. Thosmésh a great
variety of methods and techniques which use measurable signals such as the battery
terminal voltage, current, and temperal8feThis is not an easy task due to the-non
linear nature of the battery. An accurate estimation of the SOC is crucial to improve
vehicle performance, safety, passenger comfort, and to minimize costs associated
with over design or oversizing of the pack.

In the remainder of this section, differedl. SOC estimation methods

which have been utilized in the most recent literature will be presented as follows:

3.1.1Feedforwardleg neural network (FNN)
3.1.2Radial basis function (RBF) neural network
3.1.3Extreme learning machine (ELM)
3.1.5Suppot vector machine (SVM)

3.1.5Recurrent neural network (RNN)

3.2.1. Feedforward artificial neural network
An FNN is a MultiLayer Perceptron (MLP) that uses no recurrence, only forward
pass, to map the ndmearities within the data. It is often used to solve-nonvex

optimization problems containing several local minima, as discusseztiions
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3.2.6 and 4.5. Figure 3.3(a) shows a singkayered perceptron, ardgure 3.3(b)

an MLP, where» , & , andc represent the inputs, weights, and bias, respectively
for each single perceptron ai@the activation function. The subscriptefers to

the layer number, wherein the case of a Skhmyer perceptroh= 1, andN refers

to the number of input features, e.g. three inputs features, could be Voltage,

Current, and Temperature at certain tistepk.

- Single-Layer Perceptron

o et g
N i B

_____________________________

Figure 3.3 (a) Singlelayer perceptron, with | = 1, where | is the number of hidden layers,
and "Eis the estimation output. (b)Multi-Layer Perceptron, with | = m, n neurons, and
output "E

The MLP, as the name suggests, is composed of multiple layers and multiple
neurons, which in turn is the equivalent of a SiFlghger perceptron in the context

of deepneuralnetworks. Equationg.1) and(3.2) shows mathematically how these
variables interact, whetgis the estimated output of the neuron at ldyerd/ the
estimated output of the MLP calculated using the outputs from previous neurons

from previous layers, e.gfl  the estimated output from laylet and neuronused
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to calculateg . The transfefunctionsF used in this work are represented by a
hyperbolic tangen(3.3), sigmoid function(3.4), and rectified linear unit (RELU)

(3.5).

"O OO w0 U (3.1)
"O w U ®» (3.2)
Oe S P (3.3
D Q °

. p

: 3.4
O o Q° (34
"Oe 4 & e (3.5)

0O 0
YO YO —5 (3.6)

From the perspective of supervised learning algorithms, the learnable parameters,
weights and biases, are iteratively adjusted to minimize the loss between the
estimated value and a given objective funct@nThe loss function used in this
work is theRMSE (3.6). The error is backpropagated by calculating the partial
derivative of the loss relative to each learnable parameter to use it to upddteeits va
[110]. The process is iterative, repeated several times to reduce the loss or until
meeting thdraining stop conditions.

3.2.1.1. FNN combined with filters and other models
A hybrid approach, which has combined the use of an ECM and FNN, was presented
by [112], which, instead of usinglaok-up table (LUT)}o correlate the battery SOC

to the battery OCV, an FNN model was trained to make this correlation.
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The FNN structure was formed by one input, the OCV, a hidden layer with
m neurons, and the SOC as its output. With the FNN model capable of correlating
the SAC based on the OCV input, an ECM was developed to estimate the OCV
based on the battery terminal voltatye[113], and FNN was built to estimate the
SOC of an LFP battery and an Unscerfadinan filter was then used to improve
the SOCestimation accuracy. The FNN presentedlih3] is a supervised ML
algorithm, which is characterized by the use of a known reference or target employed
to calculate the ML output estimation erréa train the FNN in this work, a set of
battery data was acquired using the automotive homologationgigyaies USO06,
FUDS and the dynamic stress test (DST) specified by the U.S. Advanced Battery
Consortium (USABC). Althoughin this case, the amount of data seems to be a
very narrow representation of the application domain, which can explain the
relatively low accuracy when tested in the US06 dataset, as shoWabie 3.2,

despite the use of UKF to improve the accuracy.

3.2.1.2. FNN directly used for SOCestimation
A work using an FNN, but without the use of a Kalman filter, was presenf&fl]in
for a 12V hybrid energy storage system. This system was composed of a 12V LFP
battery and a 12V leaalcid battery to power a belt starter generator system where
the electric machine functioned as either a motogeneratoraccording to the
control strategy, which kept the -lon battery cycling within a partial SOC
window. An FNN was developed to simultaneously estimate the SOC of both

batteries using the same neural network structure. However, a benchmark
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comparson with two separate singteitput NN models that estimate SOC of each

cell type was not performed. Such comparison needs to be further investigated to

clarify the benefits of the shared NN dual SOC estimation output approach.
Because different sourca¥luence the Lion batteries' characteristics, e.g.,

SOC, SOH, current, and temperat{8§ the authors ifil14] have considered the

use of the battery polarization states as inputs for an FNN model trained to estimate

battery SOC. The polarization states can have a significant influence on the battery

terminal voltagg¢115] and can be calculated from the battery current using equation

(3.7), where'Y is the polarization state at sample pding0 the sampling interval,

0 the number of parts within the intenad , "Q;, the battery current, andthe time

constant that can have any integer value from 0 to 1000.

(3.7)

"y 'Qa)r‘]$ W Y p ‘chr‘]$ W

The authors have investigated the use of different valuek asfd multiple

polarization state inputs. In the end, four value$ of ¢hplo ¢p v bwere chosen

for the four polarization states, together with the battenyeat, voltage, and

temperature as inputs to the FNN. The FNN was trained and tested with measured

data from an NCA cell for ten standard drive cycles including the EUDC, HLO7,

HWFET, LA92, NEDC, MANHATTAN, NYCC, REPO05, SC03, and UNIFO1,

each performed at ambient temperatureslod C, 0 C, 10 C, and 25
entire dataset, 80% was used to train and the remaining 20% for validation and

testing. The model was further testedhe lab on a Hardware In the Loop (HIL)
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system. Thichapteris an example of a thorough study that includes a complex
dataset and a good division of training and testing data.

In [21], the authors have shown that the FNN is capable of estimating
battery SOC at different temperatures, including temperatures as le20J%
Although FNNs are not capable of storing and using past information from a time
series, it is possible to encode this information partially by creating new input
features based on the moving average of the battery terminal voltage and current.
This technigie seems to work well as the results obtained are equivalent to those
obtained by RNNs, which will be discussed in detail in the next section. Here the
authors have systematically evaluated different numbers of neurons, the number of
hidden layers, and theverage based on two different sample windows (100 and
400 timesteps).

The FNN architecture used in this work is depictedigure3.4, where the
inputs are the battery terminal voltayék), battery temperaturé(k), averaged

terminal voltagab , averaged currefl® , and the output is SOC at timestep

The bestesult at 23C was obtained when a rolling window of 400 timpstevas

used. As expected, t hdéaCdeertatreowsemperamiremuch hi g
effects on the lion batterie49]. It was conjectured that it might be improved if a

larger dataset was useahd a more complex FNN was built to capture all the

complexity presented at low temperasir Another contribution from the authors

shows that using scalled augmented datasets can improve the robustness and

accuracy of the model hyp to 41%.
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Figure 3.4. FNN structure used to estimate battery SOQ21], where the battery terminal
voltage V(k), battery temperature T(k), averaged terminal voltagert . fk), and averaged
current lq; oL, are used as input, and the output is SOC at timestep k

In [116], the authors have used the internal resistance data obtained from a tester in
the lab, along with the voltage, curresund battery temperature, to train and test an
FNN to estimate SOCHowever,the use of the internal resistance would be a
valuable inputfeature, not only for SOC but also for SOH estimatits direct
measurement in a vehicle would be difficult due to practical reasons. Alternatively,
using a model to estimate the battery's internal resistance is possible and can be
implemented onboara tprovide reatime input informatiorj117].

The authors if118] introduced a process to systematically alter the FNN
structure using offline optimization algorithms to find the optimal FNN structure.
The work has focused on the backtracking search algorithm, an optimization
algorithm, which according to the auth@sseasier to implement, faster, and more
robust when compared to other algorithms, such as a genetic algorithm (GA),

particle swarm optimization (PSO), and artificial bee colony. The backtracking

54



search algorithm (BSA) was set to optimize the number ofomsun the hidden
layer and the learning rate value. The procedure of this work was divided into four
stages. In the first stage, the data was collected from a 18650 NMC lithium battery
cell with 2 Ah capacity using DST and FUDS cycles, then filterechanchalized.

On stage two, the SOC is estimated using a chosen primary structure to
calculate the initial cost (root mean squared error) to be used in the next stage. On
stage three, the backtracking search algorithm is applied to find the number of
neurons in the hidden layer, and the learning rate in which makes the SOC
estimation error the lowest. This procedure was applied with other learning
algorithms instead of FNNbr comparison, and the battery data was acquired at
three different temperatilspQJ #25J #and 49 # An individual FNN model
structure was established using BSA for each dataset at each tempeuraduite
was noted thaat Q) #theerrors obtained in each method are about double the error
when comparing the results 25J #ldeally, one FNN model should be able to
handle different temperatures if appropriately trained, as previously sh¢2a].in

There is a greatgiential of using optimization algorithms to help determine
the FNN structure and therefore reducing the necessity of previous engineering
experience to set the fAcorrecto FNN train
parameters besides the number of neuamrislearning rates should be considered,
e.g., the number of hidden layers, the initial weights distribution values, it will also
increase complexity and the offline computational burden for the search of the

optimal structures.
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Another unique approachas presented by the authorgita9], where they
have tained a model composed of three parallel FNNs, each individually trained
with distinct training data from three operation modes, idling, charging, and
discharging. Despite the low accuracy and limited data used to train and test the
FNN (USO06 for validation and testing and pulsed profile for training), the authors
have considered the impact of random initial NN weights by performing training 50
times and using the average error as the final result of the method. The authors show
that theinitial values, which are generally randomly selected when training an NN,
can lead to different local minima. Despite the importance of initial parameters on
training, their effect on the result is explicitly considered in only a few of the

publicationgpresented in this survey.

3.2.2. Radial basis function neural network
A radial basis function neural network is a class of FNN that contains only an input
layer, one hidden layer, and an output layer implementing linear summation. Rather
than use noitinear monotonic singkwalued activation functions, the hidden layer
neurons in an RBF compute a Euclidean distance, multiply it by a (standard
deviation related) scaling factor, and map it through a Gaussian function. This is
also referred to as a radedt Gaussian kernel functig®.8).

) (3.8)
36 ' 9 s Agp21%

An example RBF neural network is showrFigure 3.5. Rather than determining

weight gains in the training process, centroid vectors are fitted in the RBF neural
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network training stage. RBF neumsetworks are also typically characterized as
hauvng very fast training/learning and being good at interpolation [46].

A radial basis function neural network with an extended Kalman filter
(EKF) was used if120],[121] for online estimation of the SOC of a-lan battery
cell and a leaghcid battery. In this work, a battery model was first createwjubie
RBF structure to find thetatespace equations for the EKF. The state variables
extracted from the battery model were the SOC and terminal voltage from the
previous time step. The temperature used in this work was only the ambient room
temperature. A similar use of the RBF wasspraed ir{122] and[123], although
using extende® and unscented Kalman filter (UKF), respectively.

In [124], the authors used the RBF to learn the dyina of a lithium
polymer battery cell trained offline with experimental battery data to estimate the
SOC. The trained RBF was then used to establish the upper bounds of the system
uncertainties adaptively, and to determiae parameter necessary for the
determination of the appropriate switching gain which is essential for robustness.
Through the Lyapunov stability theory, the sliding variables converge theoretically
to the sliding surface and remain there for a finite time until the error asymptotically
converges to zer{ll25]. The upper bound is adaptively updated by an RBF, using
the structuren Figure 3.5, providing robust traceability and limiting the chattering
magnitudes in the SOC estimation Higure 3.5 wis the estimated state vecter,

represents the Gaussian function in each of the 9 neurons of the RBF structure and

[ is the updated upper bound of the system uncertainty.
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Figure 3.5. Example radial basis function neural network structure

In [126], a multicell Li-ion battery pack SOC estimation framework was presented,
and an RBF was used to quantify the uncertainties necessary to build a response
surface model of model biagn this work, the model bids is the stochastic
difference between the estimated and measuied ktell terminal voltage. This is
motivated due to the intrinsic differences between each cell in the battery pack,
which makes it challenging to track their dynamics accurately. Aftenttjyiag

the parameter uncertainties using the RBF, it was possible to apply the average pack
model to each cell and have a better estimation of the terminal voltage. Then an
adaptive extended Kalman filter (AEKF) was applied to perform an online SOC

estimation of the entire pack.
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3.2.3. Extreme learning machine

The extreme learning machine (ELM) structure is very similar to an FNN, but the
main difference consists of its training algorithm, which instead of using
backpropagation, the ELM uses the Mo®&®enrosegeneralized inverse or
pseudoinverse matrid27]. In [128], the authors used an ELM to model aidn
battery from experimental data; then, the SOC estimation was approximated using
aKF. The ELM method was compared with an RBF showigek computational
load and better SOC estimation error. Besides, four different KF algorithms were
compared: EKF, AEKF, UKF, and adaptive unscented Kalman filter (AUKF). As
shown in Figure 3.6, the ELM was used to estimate the battery terminal
voltage6 , based on the battery currgnt, 3 / # using SOGOCYV relation,
and6 , Which is the terminal voltage from the previous samiap.s

The ambient temperature used in this work wa¥B&nd the number of
neurons used was 10 and 15 for both ELM and RBF, respectively. The Bstpw
to 50% faster when compared to the RBF estimation time and have provided lower
estimation error. Moreover, the use of the AUKF for SOC estimation improved its
accuracy and reduced the computational load, even when comparing with other

variations of KFs
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Figure 3.6. ELM network structure to model the battery terminal voltage[128]

In [129] the authors have used the gravitational search algorithm (GSA) to find the
optimal number of neurons in an ELM with one hidden layer for tfferént drive
cycles, US6 and Beijing dynamic stress test (BJDST) at two different temperatures
(25 C and 45C ); however, they have used
validate the generalization capability of the ELM model for xEV applications.
Instead of training andalidating the model using different drive cycles,
only a portion of the same drive cycle data was used to train and validate the model,
70% for training and 30% for validation. Their use of optimization algorithms

seems to be a promising path to automfageprocess of ML structure selection.

3.2.4. Support vector machine
The SVM was initially created to solve logistic/classification problems. In most
cases, battery SOC estimation requires a regression learning method, which

sequentially minimizes the error function. The generalized regression variation of
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SVM, known as syport vector regression (SVR), can be employed. This technique
aims to solve a regression problem for data that is not linearly separable. This
approach shares some similarities to the RBF methods previously described.
However, a crucial distinction is th&VR aims to employ simplified optimization
routines such as quadratic programming with linear constraints to fit the SVR
parameters. Moreover, the concept of an error tolerance margin is used such that no
cost function penalty is applied to the fittingaarif it is within some defined error
band; this, in principle, should stabilize the estimation.

In [130], an SVM was applied to estimate the SOC of a 60Ah LFP. The
concept of a kernel was used to compute the support vectors. Theaopakr
kernel is RBF, similar to equatiof3.8); however, polynomial kernels are also
possible[131]. The fitted support vector lies in a high dimensional hyperspace; in
particular,903 support vectors were found to be optimal in this CHse.battery
data in this work was obtained from a dynamic profile where the terminal voltage,
current and ambient temperature were employed. Similar work based on data from

a 100Ah cell was perfared by the same research groufldi].

3.2.5. Recurrent neural network
In this section, different types of RNNs are intrody@edl the most critical points
found in recent publications are discusseaki®is RNN machine learning methods

that are strong candidates for SOC and SOH estimation are presented.
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3.2.5.1. Introduction to RNNs
The recurrentneural networksare a subtype oieuralNetworks that can reuse
information from previous time steps in a clodedp, i.e. a piece of information
used or processed during time skep can be used to help compute a task at the
time stepk. The use of recurrence can add to the RNN the capatwliencode
contextual information to the model, which makes it suitable to solve problems
where past information are relevant to estimate or forecast outcomes, e.g. stock
market forecast, battery SOC, the driving situafi®], [132], [133]

Although some RNNs canrgsent limitations to encode loitgrm
dependencies from the data into the model,
gradient that happens during the backpropagdfi8d]. The backpropagation is
part of the RNN training pr@ss as it is for FNN, as previously discussed.

To further improve the RNN, gated regulated RNN, such as Long-$bort

Memory (LSTM), bidirectional LSTM, andatedrecurrentunit (GRU), use a set

of Agates, 0 and hi dden steratdamslepéntieacies hel p t h
embedded in the data arelise it when necessary. The LSTM was first introduced

in [135] where its memory block is composed by a memory $88¢, whered

represents an elemewise multiplication, a forget gat.10), currentmemory

candidatg(3.11), an input gat€3.12), an output gat€3.13), and the hidden state

(3.14). In the equations mentioned above, ReW and b represent the RNN

recurrent weights vectors, input weights vectors, and biases vectors, respectively.
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Their subscripts represent which gate it belongs,zegpweight vector from the

forget gat*. Finally, represents the input matrix.

m e g (39
k o vne ink n (3.10)

g YoRT_g 1.k T (3.1))

8 78 1 1t (3.12)
g ~7-8 - (3.13)
b oS YOy (3.14)

To help build an intuition on how the LSTM works it can be said that the forget
gate h determine how much of the previous information storedgg ¢hould

be erased, thanput gate (E determines he much of the current information
should be considered to compose the mernangidate ) and therefore be part

be of the informatiotthat will update the new memory statgg( ), the output gate

will control how much of the new memory state will compose the new hidden state
( h ) [136]. Figure 3.7 shows a graphical representation of how the gates, inputs

and outputs are interconnected within the LSTM layer.

63



hk-1 Pk

hk-1 Wk

© 2020 IEEE

Figure 3.7. LSTM layer [136]. g and h are the input data layer atﬂthe~ current time
step k and hidden 1l ayer at t heigig andgars
the input, output, and forget gates, as well as the memory cell, respectively

Due to its cell states andduien states, the LSTM can also be represented unfolding

in time, as shown ifrigure 3.8, whereat each time stepthe memory state(sg

and hidden state$ h change their values without modifying the learnable
parameters, weights and biases. The weights and biaslgmmodified during the

training process, but the hidden states and memory states can change even after the
model beingrained and deployed. The depth in time representeai dgtermine

how much the model will unfold, e.g. in case of using input vecidaits 1000
seconds will make the model unfald p 1 rtimes at isec timestep. During the

training process, the deeper the model, the more historical data it is ekKj@®8&ed

which may lead to better accuracy
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Figure 3.8 LSTM layer unfolded in time

The BILSTM, a bidirectional version of the LSTM, is a composition of a forward
and backward Aunidirectional o6 LSTM | ayer,
temporal input data  starting fromhe earliest timetepQ ¢ to the current time
step Q| 0 ], and the backward part it is fed in the reverse oifder,©
] where¢ is the totalnumber of temporal steps, adtthe output of the
BILSTM as shown irFigure 3.9. The forward LSTMs are fed simultaneously, and

the learnable parameters of each are updated independently, but the outputs of

forward,®, and backwardQ, are combined with the functio® which can be

either the concatenation, summation, multiplication or avefagetion. The
method captures temporal or contextual dependencies from both temporal ends of
the data, i.e., commonly used in text translation where the end words or phrases in
the text have a significant impact on the overall context and, therefore, on the
correct translation. The more samples of the sequentiglateaan provide to the

mode| the moreémprovedperformance can be achiewaith the BiLSTM before
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outputting theestimation, which is a limiting factofor the BILSTM to be

considered.

© 2020 IEEE
Figure39. Bi LSTM layer. From the [ carevespectively
the input data at currenttime-st ep k and hidden | ayer a-

wherefrom the backward L 4§ MheBiLSTM ontput ¢gs

are given by the combination of both forward and backward LSTMs, h and k through
chosen functionflj

Another RNN approach also capable of dealing Vaittg-term dependencies is the
GRU shown inFigure 3.10, which employs the use of gates to learn, memorize,
and decide which information from the past and the present will be used to generate
its output. In contrast to the LSTM, the GRU sisa singe gate unit to
simultaneously control th@put andforgetting amount and the decision to update
the state unitf110]. The GRU has considerably more straightforward gate
mechanism&ndthan the LSTMand can achieve similar performarj¢88]. The
mathematical representation of the gates and siegagpresented [{8.15), Reset
gate,(3.16), Update gateHidden states candida(8.17), and theHidden states
(3.18), where theV, R, andb representshe recurrent weights, input weights, and

bias respective to eadate or hidden state mdidate, according to their subscspt
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Figure 3.10The ; andi; are the input data at the current time-step k and hidden
|l ayer at the previ ous’,tLi,anéi; are tbepesekandiupdate e
gates, as well as thhidden states respectively R and W represent therecurrent and
input weights respectively to each gater hidden state candidate.

w -7-8 -k (3.15)
‘g ~Tog 1ol T (3.16)
k voor g w1k o G19)
E o ogs kE ¢85 k (3.18)

The remainder of this section is divided into two paB2.5.2- Gated RNNs

applied to SOC estimatiof3;2.5.3- Other RNNs applied to SOC estimation.

3.2.5.2. Gated RNNs applied to SOC estimation
In [137], the authors applied an LSTM to estimate the SOC by usingdmelgt

measured battery signals, such as terminal voltage, load current, and ambient
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temperature, without requiring it to be coupled with other methods and estimation
filters. A considerable outcome presented by this work was the capability to estimate
the SOC under different temperatures. This is an advantage compared to methods
that require the use of a LUT, from which it is necessary to build one LUT for each
different temperatur¢l20]. Although, it is essential to remark that this is only
possible if the dataset chosen to train the LSTNughes the necessary information
to encode the temperature variation within its parameters, which may lead to a large
dataset. The authors used a Panasonic 18650k battery cell dataset acquired
at multiple ambient temperatures, ranging fral@ @ 25C; this dataset is available
to download fronj139].

A more recent work presented 0], introduced a stacked BiLSTM model
and compared its results with three previous publicatiphk[137],[141] as the
same dataset was ugd&ad9] in all four cases. TheiBSTM showed better accuracy
than the other methods when the comparison was done at different temperatures,
0 C, 10 C, and [24D]was.trainedfiventimesmnditieelaveliage
result was used as the final number for comparison, although it is not clear if the
other authors in21],[137],[141] have used training repetition, hence there is
difficulty in crosscomparison among publicatiseven though the same dataset was
used. The final structure found to be optimal by the authddstO] was composed
of two stacked BIiLSTMs each with 64 hidden neurons, which is equivalent to four
unidirectional LSTM stacked layers and over 130,000 learnable parantbe sum

of all the weights and biases in the structure. A previous publida#&j has also
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used the option to increase the depth and accuracy of the NN by stackiag th
LSTMs together. The stacking of LSTMs may lead to some constraints, though, such
as makinghe network harder to train, increasing the possibility of overfitting, and
increasing the number of parameters.

As a rule of thumb, the higher the number of parameters, the higher the
computational cost required to run the model. This can be confirmed by addressing
different aspects of the computational cost, which was investigated in regards to
memory occupation irf143] as well as computational time or floatifgpint
operations per second (FLOPS) [¥2] and [144]. Another common way to
compare two algorithms in tas of efficiency is using the big O notation, also
known as asymptotic notation, which classifies the algorithm based on its behaviour
as the number of variables and input data increases towards infinit@ rigitation
was investigated and considered as a point of model comparigtj.in

Finding the right balance between model complexityaguiracy is one of
the many challenges addressed and discussed within most of the publications
included in this survey. As an example, the performance similarity of the GRU and
LSTM for solving speech recognition problefd88] suggests that performance
similarities would also result in SOC estimation despite the obvious application
differences. This assumption was initially confirmefilhl]where a GRU had been
applied to perform SOC estimation using the same d4i8&jtalready used by the

LSTM in [137]. In [145], a GRU was applied to estimate the SOC of an NMC and

69



LFP at seven different temperatures, rangi
DST, and CC drive cycles were used to generatdataset.

A combinationof vectorautoregressive moving average (VARMA) and an
LSTM was introduced if146] to forecast hion battery voltage and SOC of an
electric motorcycle where a different combination of inputs, including motor speed,
input power and torque, and battery voltage, current, and temperaéree
evaluated. The authors have testedthe modelaC and 25 C-40,si ng only
a South Korean driving cycle, and the data used to train the model were obtained
directly from driving the motorcycle. No information about the battery, besides it
being Lkion, or the structure of the LSTM was provided] #rwas not clear if the
use of the VARMA in combination with the LSTM is essential when a larger dataset
is available. The exploration of other features, besides the ones directly obtained
from the battery, is aexciting path to pursue, for example, egtating weather
forecast and/or vehicle destination.

In [23], the authors have introduced a novel way to reduce training time and
further improve SOC estimation by using an LSTM with Transfer learning, and in
[147] the authors explored the accuracy impact of using different types of loss
function optimizers during model training, e.g. Adam, NAdam, Adadelta, AdaGrad,
RMSProp, and AdaMax. Transfer learning and the use of appropriate optimizers
are anticipatedtbe promising research paths that should be explored and combined

with other methods.
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3.2.5.3. Other RNNs applied to SOC estimation
Some publications focus on recurrent networks that do not use the gated approaches
introduced in the prior section. [B48], the authors developed a dynamically driven
recurrent network (DBN) based on a nonlinear autoregressive with exogenous
input (NARX) neural network architecture. The DDRN is used to estimate the SOC
and SOH of two Liion chemistry batteries, LFP and LTO. What makes this
supervised ML different from an FNN is the useaakcurrent input captured from
the output of a previous state, e.g. SOC at ind#dntThis gives the DDRN an
associative memory feature, despite being limited compared to the gated RNN

previously discussed, this approach reduces the amount of dassargd® train

the model.
, D N\
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Figure 3.11. SOC estimator using DDRN, where the terminal voltaggg, load current
L.and ambient temperature4||‘ are the inputs obtained by sensors and the recurren

inputs wereg . Tg . g . .1 Fg .and{ Fg are the inputs from
time stepsg | and B

The authors also showed that for SOC estimation of the LFP battery, the training
timewasreducedbymmfm | d comparedutoeatidnaorur al

input dataset, containing the voltage currentO, ambient temperatue , and
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"YO 0 from the previous timestep were used to train and test the DDRN, and the
data was obtained experimentally for the two battefié® inputs and output
organization on the DDRN for SOC estimatiare shown in Figure 3.11. The
DDRN was tested at temperature0df#10Q) #25) #and 40 #Even though the
cycling profiles used to obtain the battery data were dynamic, they resulted in a
monotonic SO®@utput profile because there were no regenerative braking charging
pulses during the cycle. This type of profile may not be a good representation of the
XEV application domain. Therefore, the effectiveness of this approach needs to be
further investigated

In [144], another NARXbased neural netwonkas presented to estimate
thebattery SOC. A process to systematically alter the NN structure using an offline
optimization algorithm, known as lighting search algorithm (LSA), was used to find
the optimal combination of the number of neurons, input delay, and feedback delay
to improvethe accuracy of the model. The model was trained and tested using the
dataset acquired atl0#10QJ #nd, 49 #om an NMC battery cell on two drive
cycles, FUDS and US06. The work also showed a comparison with other SOC
estimation methods also optimizeg the LSA, but the NARX was shown to
provide better accuracy. Although the use of optimization algorithms like LSA and
BSA can help automate and alleviate the process of searching and building the
optimal NN structure, it is essential to understand tisagraficant number of other

tuning parameters, e.g. minibatch size, loss function optimizer, and the random
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initialization of weights and biases can hasibstantial impact on the results and

are often neglected.

3.2.6. Example methodology anguidelines for comparing soc
estimation algorithms
To provide a fair comparison of SOC or SOH estimation methods, such as those
referenced in this reviewhapter it is necessary to evaluate each algorithm with
similar data, a similar number of trainabkrameters, and a consistent training and
testing methodology. When comparing methods, the following three guidelines are

therefore recommended:

1- Use the same training, validation, and testing datasets

2- Match the number of learnable parameters between models

3- Train the model several times
Regarding the first guidelin@able 3.4 provides references to high quality publicly
available datasets that can be downloaded and used to build ML models for SOC
and SOH estimation, allowing different authors, for example, to coamibeeir
results to others using the same datasets. The second guideline, to use the same
number of learnable parameters, is to ensure compared models have similar
computational cost and memory usg@#0]. The third recommendation, to train
the model several times, is necessary due to the degree of randomness embedded in
the training process of ML alganins, which can lead to several local minima. The

number of repetitive training needed is highly dependent on the complexity of the
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model, i.e., the more parameters, hidden layers and connections, the higher the
chance it can find a local minimum.

To further contribute and to support the above guideliaesFNN and
LSTM were each trained 50 times using six of the nine drive cycles from the dataset
[139] and tested usgthe remaining three drive cycles and the constant current
(CC) charge profiles, e.g. UDDSC-LA92-CC-NN cycles. The training and
testing data used includes each drive cycle at four ambient temperatufes (C
0O C, 10 C, and 25 @tycompdsedronidd tragningaand 12r ger da'l
testing drive cycles. This resulted in 2/3 of the data being used for training and 1/3
for testing, which is similar to ratios of training to testing data, which are often
recommended.

The FNNstructureis similar tothe one used iff21] and has two hidden
layers, with 55 neurons in each. The input vectas composed of the battery
terminal voltage, current, battery temperature, average voltage, and average current,

={V, I, T, V_avg, |_avg}, as shown ifrigure 3.12(a). The RELU activation
function was chosen for the FNN structure, and the voltage and current are averaged
over the previous 500 time steps. The LSTM structure, shogure 3.12(b), is
similar to the one used if147] and has 27 hidden units and an input vector
composed by voltage, current and temperature,{V, I, T}. The input vector for
both the FNN and LSTM was rescaled to have values between 0 and 1 before being
used to train the models. The total numisgparameters for the FNN is 3466, and

the LSTM is 3376.
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Figure3.12 (a) FNN SOC esti mator

esti mator

The FNN and LSTM were each trained fifty times for 3000 epochs, using the
hyperparameters ifable 3.1. Because different initial parameter values were used
each time the training was performed, a different result is achieved each time. To
demorstrate this, the mean average SOC estimation ewar all the testing data
(three drive cycles and two charges at four different temperatures) was calculated,
and a histogram of the results is showikrigure 3.13. The error is shown to vary

from 1.2 to 1.55% for the LSTM and from 1.5 to 3.5% for the FNN. Therefore, it

is recommended to train multiple times when comparing different SOC estimation

parameters
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strudures; otherwise, it may be incorrectly concluded that one is superior to

another.

TABLE 3.1 Training hyperparameters

Number of epochs 3000
Initial learning rate 0.01
Learning rate drop period 2500
Learning rate drop factor 50%

Loss function optimizer ADAM
Number ofMinibatches 89
Software platform Matlab 2019b
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Figure 3.13. MAE histogram for 50 training iterations of SOC estimation algorithms; (a)
LSTM (b) FNN
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3.2.7. Comparison 0650Cmethods
The SOC estimation error for some of the methods presented in this section is

summarized irnTable 3.2, along with the data profiles used to train and test the
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methods, the network inputs and outputs, a qualitative ranking of the dataset
quality, the battery type(s) used, and the temperataresstigated. Most of the
studies utilize similar inputs (voltage, current, and temperature), while a few utilize
averaged values or other calculated values. About half of the studies use automotive
type drive cycles and/or varying temperatures, with the remainder using constant
or pulsed current cycles and/or fixed temperature. The studies with simpler data
sets, such as fixed temperature and constant current, are given a dataset quality
rating of * and the more sophisticated datasets are ranked as high as ***** |n
general, theilgher the data quality, the more the stated accuracy for the method can
be trusted.

Because it is difficult to come to any conclusions about the various methods
by just observing the table, the accuracy of the methods is plotkdure 3.14.
The RBFs are shown to have the highest error, an average of 2.2%, with the FNNs,
RNNs, and other methods having an average error of 0.7%, 0.5%, and 0.4%,
respectively. The FNNs and RNNs alsave more challenging multitemperature
datasets with automotiwdrive cycles, showing that they are the most promising
methods and that the other methods (ELM w/ AUKF and SVM) should be
investigated with more challenging cycles to determine their potential. While these
results do show some interesting trends,asisentiato consider that many factors,

as discussed in the prior section, affect the results for each method.
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Table 3.2 Comparison of SOC estimation methods

ML Lowest Error . Il nput s(y) Dataset Multi -
Method (only at 25 C) Data Profiles OQutput (@ Quality Battery Temperature
Y
[ ,O0 )Y e |,
FTP75, NEDC, - " "
0.33%(RMSE)@WLTC ’ '@ B0 w O s
FNN[19] 027%(MAE) @WLTC USO8, GUDC, ' "7 T gy LFP (12V, 8Ah) No
Highway, WLTC BO -
e Y0 NYOO ]
0.84% ** *(MAE)@
Ny USO8 HWFET and US06 ¥ = [& .Y ,& i [Plg’r?;';'o'r‘]’ig 1207 #-10] #0J #
0.61% (MAE)@ 0 ;e 0§ NCR18650PF 10J #and 23 #
HWFET
y =[w , émw 0J # 103 # 20J #
FNN w/  1.4%(RMSE)@FUDS o~ o v 7 ? ?
FUDS, US06, DST © B hO .Y Fokkk LFP (2.3Ah max) 25J # 40J # and
O L 1
UKF[113]  2.5%(RMSE)@US06 Y e N0 ] c #
FNN
W/ECM[112 0.33% (MAE)@FUDS FUDS, DST y=[06®:e Y] = LFP (24V, 20Ah)  No
]
FNN  w/ 081%(RMSE)@DST L \ic pot }{) - v [ w o NMC 36V, 2an)  0J # 253 # and
BSA[118]  0.91%(RMSE)@FUDS ’ e ’ o 45) #
8 0 Q]
RBF  w/ Constant curren ¥ =[w ,0,°Y0 6 ; | .
EKF[120] 3% RMSE)@CCC G iinicco) o & ) Li-ion (1.2Ah) No
RBF  w/ 0 Constant curren Y =[w ,0,7Y06 ; .
H 5122] 0.7%(RMSE) @CCC charging (CCC) 6= [ ] Li-ion (1.2Ah) No
RBF  w/ Constant curren Y =[w ,0,Y0 6 ; .
UKF[123] 3% (RMSE)@CCC charging (CCC) 6 & I Li-ion (1.2Ah) No
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RBF w/  2.32%(RMSE)@UDDS Y ©,, 0,0 Lithium-polymer,
RSMO * UDDS, Highway T o Turnigy (3.7V, No
[124] 2.339%(RMSE) @HWY" ¢ =11 0.5Ah)
RBF w/ 0 . y 8 [,YO6Y0 ] Lithium-polymer
AEKF [126] <2%(MAE)@DST DST, HPPC 6 =] [ (3.7V, 32Ah) No
[139] Li-ion
HWFET, UDDS, Y=[w ,0,)Y ; Panasonic 0J # 10J # and
0, + + + + ) 1 *kkk
RNN[137] ~ 0.57%(MAE)@ LA92,and US06 @8 0 §] NCR18650PF 25] #
(3.6V, 2.9Ah)
Panasonic: [139] Li-ion 0J #10J # 25J #
0.32%(MAE)@LA92 HWFET, UDDS, y=[® ,0Y ; Panasonic and 40 J #
RNN [141] LA92, and US06 Ny ’@] ’ ’ Ak NCR18650PF (Panasonic)
0.86%(MAE)@ BJDST Samsung: FUDS Li-ion Samsung 0J # 25J # and
USo06, BIDST 1865020R 45] #Samsung)
RNN [145] NMC: 0.77%(MAE)@" DST y=[w ,0/Y ; o BAK B18650CD 0J #25J #20J #
LFP: 1.72%(MAE)@ 6 U §] Al123 18650 (LFP) 30J #4Q1 #5Q) #
LFP :0.53%(RMSE) @ Dynamic — Ty Oy -
. y=[w ,0 ; LFP (3.6V) 0J #10J #25J) #
. 0, *% ¥ ¥ y
RNN[148] LTE) :0.70%(RMSE) char_./qischarge 6 N0 §] LTO(2.6V) and 40 #
@ profile
Constant pulse |, _ . i~ o x
ELM  w/ 0 . . : y=[o ,0,%Yoo;
AUKF[128] 0.4%(RMSE)@ dlschargmg 6 & | Samsung 2.6Ah No
current
y=[ow ,0,Y ;
SVM[130] 0.4%(RMSE)@DST DST 6 NG §] LFP (3.6V, 60Ah)  No
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‘assumed as fAroom temperatureodo in the paper

** data acquired using a norautomotive dynamic charging/discharging profile
***in the original paper, a typo shows the error as 0.084%.
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Figure 3.14. SOC estimation error, classified by method and data types.

3.3. Battery state of health estimation

Battery SOH is a measurement of battery deterioration in comparison to a new
battery. This information is valuable for the vehicle energy management system to
adjust its controls to keep the vehicle performance and safety within the desired
boundaries. The are several ways to estimate and quantify the SOH of an xEV
battery; many of the recent studies have considered either the loss of capacity
(SOHc) or increase of internal resistance (SOHr). The conventional machine
learning methods presented in thistgecfor SOH estimatiorare grouped as the

following types.

3.2.1Feedforwardleepneural network (FNN)
3.2.2Recurrent neural network (RNN)
3.2.3Radial basis function (RBF) neural network

3.2.4Hamming networks (HNN)
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3.2.5Support vector machine (SVM)

3.26 Bayesian network (BN)

3.3.1. Feedforward neural network

As previously introduced in sectiofisl.1, an FNN performs nehnear mappings
with an arbitrary number of inputs and outpuEsr a more detailed explanation
about the methods and its basic math, interested readers are refri€] ftbl1].

For SOHc estimation, the battery capacity fading metric is typically
represented by

o (3.19
YO O 5 P o)

where0 is the capacity estimate at timeandd i s t he new batteryos
capacity. Battery capacity is typically measured via a particular test that spans the
entire SOC range using high accuracy current oreasents. However, this is
rarely achieved in realorld usage of an XEV, so online estiiatalgorithms need
to be employed.

In [149], the authors developed a réiahe SOHc estimation method using
an FNN based on the historical distribution of measured data over one year of tests
of 18650 form factor cells. The method proposed in this work used data extracted
from 10 different drive cgle profiles. In total, 44 datasets were created, eleven for
each of the following temperatures: 10 °C, 25 °C, 45 °C, and 60°C. The historical
distributions were based on 3D point clouds of battery current, voltage, and

temperature. Tdarelation between these three varies according to factors such as
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battery SOC and age. The patterns of the point clouds change as the battery ages
and capacity changes. A key feature extraction idea of the paper is that rather than
grouping data points Bad on voxel segments of the axes (current, voltage, and
temperature), a-kneans algorithm was employed to find more optimatregjion
volumes. This reduced the amount of FNN pattern classification necessary to
estimate the SOHc. The optimal number of-seffions determined in this work

was 80. A histogram of counts in each-saion served as inputs to the FNN. The
FNN structure was composed of 80 inputs, a hidden layer of 80 neurons, and a
single output(SOHCc).Figure 3.15 shows an overview of the proposed approach.
The FNN method was compared to two different SVM approaches. The first SVM
used the same 3D inputs as the FNN, the other a combination of tworgdlssig

e.g. currentemperature and voltagemperature. The FNN was shown to have
superior results. Practical challenges for the use of this method include lack of
adaptability to adjust to celb-cell variations within a pack and the need to record

and ypdate the point cloud histogram distributions over the life of the battery pack.

-
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Figure 3.15. Point cloud distribution based SOH FNN[149]
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A so-called structured neural netvwo(SNN) was developed if150] to compute

SOH by estimation of internal parameters of a battery equivalent circuit model. The
SNN is a variat of an FNN whosstructure is guided by any existing battery model
structure and knowledge. Compared to internal NN neurons, ECM parameters have
a closer relation to the physical characteristics of the battery; for instance, the
battery internal resistance variation overd can be correlated to the battery SOHr.
Feature inputs to the SNN included SOC and its quadratic, cubic, and quartic
powers. This enabled the usage of fowgtter polynomials in the SNN structure
design. The overall SNN schematic is depictdéigure 3.15. In principle, training

an SNN is expected to be easier since the global minimum is expected to be easier
to find by choosing initial NN weight seedlues based on model parameters rather
than purely random values.

The data used to train the SNN was collected directly from a vehicle, a
Mercedes Benz S400 Hybrid. The data collection started from a new vehicle, Okm,
at the BOLup to 174000km at the EOL. Each dataset recorded had a length of about
5 hours, and a total of 33 datasets were collected. Part of the data, 70%, was used
to train the SNN, and the rest was used to validate the model. EIS was used to
validate the internaksistance estimated by the SNN. The work compared an SNN
with an Extended Kalman Filter approach that showed similar results. However,

the SNN presented advantages in terms of computational speed and memory usage.
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Figure 3.16. SNN schematic for internal resistance determinatiofil50]

In [151], the authors used an FNN with tirdelayed input data to estimate SOHCc.
It was referred to as an input tirdelayed neural network (ITDNN). The usage of
time-delayed inputs allows the NN better to model the dynamics and memory
effects of a battery. The data used to estimate SOHc were based on the battery
terminal voltage, current, tirdelayed signals, and ambient temperature. An
optimal timedelay of 20seconds was determined for the voltage and current signals
and shows the SOHc estimator structiiigure 3.17 shows the SOHc estimator
structure where the FNN used was composed of 4 layers: 1 input layer, two hidden
layers (L=2), and one output layer. The hidden layers were formed of three and two
neurons 0 =3 and0 =2), respectively, with each layer includirag sigmoid
activation funtion.

The dataset used to train and validate the model was divided into five
milestones measured in hours: 0 hours (BOL), SOHc=100%), 352 hours, 544 hours,

650 hours, and 650 hours (EOL, SOHc=10%). Each dataset was generated at t
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separate ambient temperaturesd 25 #and 40 #vith currents of 6 A, 10 A,
and 20 A. The battery used in this work was an LFP 20 Ah cell. A backpropagation

algorithm was used to train the ITDNN.

© 2020 IEEE
Figure 3.17. SOH estimator using ITDNN[151]

The work presented ifiL52] used a similar approach of FNN with input time
delays employing a single hidden layer with ten neurons. Moreover, multiple time
delayed input signals were considered, and practical considerations such as the
effect of capaity estimation error on SOC estimation was studied.

The authors if153] have established that the geometric variation of the
battery terrmal voltage can be correlated to the battery SOHr. They showed that
the terminal voltage slope of a battery reduces as its SOH decreases and its internal
resistance increases. Therefore, a differential georbasgd approach using
samples of the battetgrminal voltage and its velocity, defined here as the voltage

slope variation over time, were used as inputs to train and validate a neural network
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capable of correlating these inputs to the battery SOHr. Data sets, containing data
from cells at differenageing states, were used to train the neural network model.
Another dataset from an LFP was used to validate the approach for other cell types.
Results showed that the methoduld estimatdhe battery SOH with accuracy

around 1% Mean Absolute Error.

3.3.2. Recurent neural network
SOH estimation involves tracking a slow battery ageing process from battery
signals that exhibit dynamic states and memory. As a result, employing a recurrent
neural network that contains internal memory is a natural approach to $akle
estimation.

A simple approach was presented [i#8], where the authors built a
dynamically driven recurrent network to estimate both the SOC and SOH of two
Li-ion batteries. The RNN SOC estimation portion wascribed in the previous
section. The SOHc estimate is fed back as delayed raetumpits; this gives the
DDRN an associative memory feature, which is responsible for reducing the
amount of data necessary to encode the dynamics in the network para@tbters
inputs to the RNN, include voltage, current, temperature, anddétasged voltage
and currentFigure 3.18 shows the DDRN structure for SOH iesttion.

The battery life in this work was measured for several cycles versus terminal
voltage. Each cycle was acquired after placing the battery in a climate chamber at

60 C for a week to accelerate ageing,
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di sc har ¢amdbierst temp2r&ture with the terminal voltage measured and
recorded every second during the discharge.

The training dataset consisted of four milestones: 100 cycles, 200 cycles,
1600 cycles, and 1800 cycles, where the 100 cycles milestone was de¢ieryd ba
beginning of life and 1800 cycles as the end of life. The validation dataset employed
seven milestones, and it was divided as follows 300, 500, 700, 800, 1000, 1200,
and 1400 cycles. The structure of the DDRN was composed of an input, a single
hiddenlayer (L=1) and a single output. The hidden layer had 15 neurons (N=15)
with a sigmoid function as its activation function. The authors developed their
discharge and charge power profiles for this work but they not be a good
representation of the xE&pplication domain. Therefore, the effectiveness of this
approach needs to be further investigated. As the SOC and SOH estimators were
independently trained using the same input vector but with different objective
functions, no integration between SOC &@H estimations were explored. With
a larger and more dynamic dataset, there may be some benefits to integrating SOC

and SOH estimatigrand this is recommended as an area of future work.
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Figure 3.18. SOH estimator using DDRN[148], where the terminal voltageyg, load
current mand ambient temperature{|l are the inputs obtained by sensors, the
delayed inputs wererg . g . ' . § .andrecurrentinputs{ kg ,and

1 Fa

In [154], the authors created a novel approach to estimate the SOH based on a series
of sequential snapshots of the battery current and voltage over time. This new
approach aims to surpass thelgems of the historical distribution discussed in the
authors' previous work using an FNN approfet®]. The snapshdiased method
takes intaconsideration the values of the battery current and terminal voltage within
a window segment, with a fixed horizon width that shifts along with time.
Moreover, this sliding window calculation happens onlying charging, as is a

more stable and predadile condition than discharging. The proposed method
utilizes LSTM layers similar to those shown kigure 3.19. The output of this
LSTM block,shown inFigure 3.19, is a set of vectors whose elements correspond
to rolling time windows at different points in time, e.g. the first correspond®to th

first window segment, and the last is shifted to reach up to the most recent point in
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time. A pooling block processes the output vectors of the LSTM blocks. Three
different approaches for this block are possible; the first directly passes the most
recentvector, the second averages all input vectors, the third is a bidirectional
approach that performs an averaging of a kind of forward/reverse elementwise
multiplication. This latter method aims to mitigate an often mentioned vanishing
problem[155]. Fnally, the pooling layer output is fed into a linear regression layer

to estimate the SOHc.
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Figure 3.19. SOHc estimation architecture based osnapshot approachemploying
LSTM and linear regression[153]

The neural network structure was trained using backpropagation to update the
weights and bias in each layer, aiming to minimize the error between a SOHc
reference value and the estimated SOHc. Two other variations of this method were

presented, includingraerge with the historical distribution method (FNN approach)
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and the use of a BILSTMA dataset of 40 dynamic drive profiles tested at four
different ambient temperatures (10, 25, 45, ant @as employed. The batteries
were aged via cycling until 7096 their original capacity remaining. The proposed
framework was empirically verified, obtaining average error not higher than 0.0765
Ah on the testing dataset investigated at all temperatures.

In [156], the authors have also used an LSTM to estimate the battery SOHc
where it was rained using a 2.3Ah LFP cell dataset, simulated from an
el ectrochemical mo d e | of the cell at diffe
LSTM was based on the correlation of the cell capacity variation, voltage, current,
and temperature. The dataset usetlain the model was obtained by simulating an
ageing procedure using the LFP electrochemical model, which includes submitting
the model to high currents and temperature inputs. Then the SOHc was estimated
only during charging profiles from the model silated dataset. As ML can only
be as good as the data used to train it, the dataset generated from a model should
have a certain amount of error added to it, ensuring the estimation method has data
representative of a real application. As an alternativendolelgenerated data,
publicly available datasets can be used as well, as listeabie 3.4. For example,
a dataset from several -lon cells, provided by NASA Prognostics Center of
Excellencd157], can be downloaded and used as the author did in a similar work
[158].

The authors if159] havedeveloped and validated a model based on an

LSTM to estimate both SOC and battery internal resistance (SOHr) simultaneously,
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meaning that it has two outputs instead of only one. The internal resistance data
was first obtained from an ECM model implentedfor this purpose. The inputs
to the LSTM based model are the current, temperature, voltage, and voltage
variation, which is the voltage value calculated from its difference at time step
andd p,orjustY @ @ .Therelevance of the voltaganation was tested
and shown to be valuable to improve model accuracy. The authors did not mention
much detail about the chemistry of the-ian cell used besides some of its
characteristics, e.g., Nominal capacity 2Ah, 18650 formats, nominal e3t&y.
The dataset used to train and validate the approach was obtained froridhe Li
cel | by cycling the battery with USO0G6, DST
45 C. Only US06 and DST data were used to
to test. Althoud the method was shown to perform better in comparison to other
ML models, a constraint regarding this approach is related to the accuracy of the
internal resistance obtained from the ECM, as the LSTM can only be as accurate as
of its objective function. fierefore another method, such as EIS, could be used to
validate or determine the accuracy of the values generated by the ECM.

The authors il 60] have used EIS to determine and validate the parameters
of an ECM capable of finding correlations with theidm SOC, then developed an
RNN to predict the SOH of the dion battery based on both the battery capacity
fade andncreag of its equivalent series resistance. The criteria of the battery EOL
in this work is either when the capacity decreases 20% or when its equivalent

resistance increases 100%, based on the battery BOL values. Datasets were
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experimentally obtained throughomths of tests by placing an NCA-idn cell

under an accelerating ageing test protocol, which included a combination of
ambient temperature varying from 40 C
SOC from 20% to 40%. These datasets were finally useditoRNNs capable of
estimating the battery capacity and equivalent resistance and combined to estimate
SOH, as shown irigure 3.20. The RNNs were trained and tested by using cell
temperature, current, SOC variation, and the capacity and resistance of previous
time steps. The SOH estimator model has shown an accuratetipredif the
battery SOH when compared to the experimental data, obtaining less than 1% mean

squared error (MSE) on both capacity and resistance estimations.
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Figure 3.20. SOH estimation architecture based on battery capacity and resistance
estimation using RNN[160]

3.3.3. Radial basis functions
A sparseBayesiampredictive modelling (SBPM) algorithm can be used to identify

the nonlinear relation of different features within a datasetl8d], the authors
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used an SBPM to determine the relationship between the battery capacity and
voltage sequence sample entropy, where BieNs employs the ancept of radial

basis functions in its design. An HPPC procedure was used for testing a set of
battery cells. The sample entropy assesses the dependency of a given data point on
values of previous points and is averaged over the entiesserieg[162]. In this

case, lhe sample entropis used to identify the pattern of the battery terminal
voltage over time. The proposed SBRigised method procedure is shmown

Figure 3.21
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Figure 3.21. SBPM diagram to estimate the SOH¢161]

The SBPM was trained and tested usingadaillected from NMC L-ion cells
(Panasonic UR14650Rt ambient temperaturest 1030, 2210, and35J0. The
SBPM was also compared to an SVM, which like the SBPM, also adopted a radial

basis function to correlate the nonlinear relationfi@pveen the capacity loss and
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the sample entropy. It was observed that as the sample entropy increases, the

capacity decreases.

3.3.4. Hamming neural network
A Hamming neural network (HNN) contains both an FNN and an RNN, and an
example is shown ifrigure 3.22. The HNN has found extensive applications in
pattern recognition, specifically binary pattern recognition188], a Hamming
Network was used in cooperation with a Dual Extended Kalman Filter (DEKF) to
estimate ®C, capacity (SOHc) and resistance (SOHr). An equivalent circuit

modelling approach was employed in the paper.
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Figure 3.22 Hamming Neural Network [163]

The HNN was used to estimate thEM parameters based on charge/discharge
voltage patterns, capacity patterns, and how they change over time. The parameters
estimated were fed to a DEKF to perform battery state/parameter estimation. The
HNN used reference patterns experimentally extrafcted 20 Samsung 18650-Li

ion batteries tested at an ambient tempera
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The battery data patterns were classified into 15 different categories. To be
suitable for use in the HNN, the data needed to be transformed into binary arrays
with elements ofl or 1. The feedforward layer computes the internal product with
the input paern data, and the recurrent layer is responsible for outputting the
dominant response using the winit@keall principle [43]. After the HNN
determines which of the predetermined patterns is the closest to an arbitrarily
selected battery, the correspamgliECM parameters are selected, e.g. resistance

Y . Resistance based SOHr was calculated as

M LI R ‘**' "

i k= T e IHTa" (3.20)
Where'Y is the resistance of an arbitrarily selected battery determined by the
HNN, Y s the resistance of an aged or EOL batteryénd is the resistance
of a new BOL battery.

Like many machine learning approaches, a significant part of the effort
comes in the form of data acquisition and preparation before the data is ready to be
used in the HNN. Moreover, the experimental results in this research were limited
to a single tempature. Additional sophistication of the approach would be needed
to handle an expanded temperature range and the resulting change in ECM

parameter§27].

3.3.5. Support vector machine
The SVM was initially introduced in section II.D. for SOC estimation. This section

will focus on methods using the SVM applied to XxEV SOH estimation, including
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the work presentebly the authors ifil64], which uses an SVM to estimate SOHc
and SOHr. Fof164], daa were acquired from the vehicle battdgsed on charge
anddis harge profiles at four different tempe
The data was used to train and validate the SOH estimation method based on both
battery capacity and internal refgince variation. The SVM was initially trained to
estimate the battery voltage drop response during 10s discharge pulses to calculate
the battery resistance variation (SOHr) and capacity variation (SOHc) during C/3
partial or full discharge profiles. Theputs for the SVM were the battery current,
temperature and SOC. The SOH estimation accuracy provided by the SVM was
calculated from the measured values to be 0.63% RMSE for SOHc and 6.2% RMSE
for SOHr. Computational performance measurements were algdgupshowing
potential viability for onboard vehicular applications.

Another work using an SVM to estimate SOH was present§toi. In
this case, the authors combined an ECM with a relevance vector machine (RVM)
and patrticle filter (PF) to estimate the SOC, SOH, and remausafutife (RUL)
of Li-ion batteries. The RVM, a supervised learning machine used in this case for
regressia, was trained to adaptively change the ECM internal parameters as the
battery ages or fault processes occur. The data used to train the RVM was obtained
from cyclelife tesied 18650 Liion cells. EIS and various sensors were utilized to
acquire the battery data, including but not limited to voltage, current, and
temperature. Once trained, the RVM combined with the PF could generate a

probability distribution over time to asctpate operational conditions and predict
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the SOH and RUL. Another work, presented[166], proposed a new method
combinirg the estimation of both SOC and SOH using an adaptive sigma point
Kalman filter and an SVM. The work acknowledges the interdependence of SOC
and SOH, which is likewise mentied by many of the papers in this section. It is
concluded that an accurate estimation of SOC or SOH can benefit the estimation of
the other.

The authors if167] have developed a model based on SVM, which is
capable of learning and estimating SOHc online from battery voltage data acquired
during charge, although only from a monotongct®on of the data. The SVM
strongly depends on finding the appropriate coeffigiertherefore, by adjusting
the value of as the battery ages, it is possible to adapt the SVM to update the
SOHCc properly. The initial value pfand the support vect®are determined using
regression with the BOL battery data (voltage and battery capacity). During online
operation, the coefficient is updated using a leastjuares algorithm. Segments of
about 15 minutes in length are shown to be sufficient for thigl 8/check for
correlation within the data and to update the model parameters. This proposed
approach is of interest because it avoids the need for online training, which is very
computationally costly and hence avoided or merely impractical. The dataset
experimentally acquired from two NMC cells, where they were repeatedly cycled
60 times at 1C and 50 C and discharged at
capacity. This cycling sequence was repeated until the batteries reached 80% of

their origiral capacity.
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3.3.6. Bayesian network
A Bayesian network has the objective to find causation based on conditional
dependencies by computing the probabilistic relationship between variables, and its
dynamic version also considers the relationship at each seqtiergstep. Ir{168],
the authors have applied a Dynamic Bayesian Network (DBNjgusnly the
observed battery terminal voltage to estimate the battery SOH. The DBN model was
trained using data from 4ion cells at different ageing states and constant current
charging process with error not greater than 5%. Another similar work using a
probabilistic distribution based on a Bayesian network (BN) was preserjiéd]n
The network uses the constant current time, voltage, dred OCV after a CC/CV
charge cycle and a rest period toreate the SOH from the data extracted from 110
Li-ion batteries, where data from 100 were used to train and 10 to test the method.

The accuracy obtained from the test was an average error of 0.28%.

3.3.7. Comparison of soh methods
Several characteristiad someof the techniques and research works presented in
this section are summarizedTable 3.3, includingthe error for the SOHc, SOHr,

or other SOH methods investigated, the battery type, and the temperatures

considered.
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Table 3.3 Comparison of SOH Methods

Multi-Temperature

ML Method Lowest Error (only at 282) SOH approach Battery consideration.
FNN w/ SOHc: 0.66%(RMSE) Based on capacity loss durir Li-ion 18650 3.1Ah 0J #1Q) #25) #45) #
k-meang149 charging and60J #
RNN(LSTM)[154] SOHc: 0.96%(RMSER Based on capacity loss durir Li-ion 18650 3.1Ah 0J #1QJ #25) #45) #
Validation R1 dataset charging and 60 #
DDRNJ[148] SOHc: 0.1126Ah (RMSE, Based capacity loss andmber LFP (3.6V) 25J #and 60J #(for
LFP@EOL cycles LTO(2.6V) accel. ageing)
SOHc: 0.34Ah  (RMSE)
LTO@EOL
FNN[153] SOHTr: 0.81% (MAE) LFP  Based on the internal resistan Li-ion IFP1865140 25] #
extracted from voltage variatio
RNN[162] SOHc: 0.46% (MSE) Based on Capacity and NMC Li-ion (100Ah, 4QJ #and 50 #
SOHTr: 0.29%(MSE) resistance estimation Pouch))
SBPM[161] SOHc: 1.38% (averag Based capacity loss and samp NMC Li-ion Panasonic 10J #22] #and35J #
relative capacity error) entropy UR14650P (3.7V, 0.94Ah
FNN (SNN) w/ 0.32% (mean voltage Based on ECM interna Li-ion Saft VL6P (3.6V, 23J #ip to 5Q #vere
ECM[150] deviation)@13,000km resistance estimation 6.5 Ah) considered
0.28% % (mean voltag
deviation)@80,000km
HNN w/ - Based on ECM internal Li-ion Samsung 18650(1. No
DEKF[163] resistance estimation Ah)
SVM[164] SOHc: 0.63%(RMSE) Based on capacity an Li-ion Enerdel (17.5Ah, 0J #o0 4Q) #
SOHr: 6.2% (RMSE) resistance variation 2.5V, Pouch)
DBN[168] SOHr: <5%(MAE) Based on resistance Li-Mn (3.7V, 6Ah) CuAd AuJ#
BN[169] SOHTr: 0.28% (Avg Error)  Based on resistance Li-Co (3.7V, 2.4Ah) pJAT doJ #

SOHr: 1.15% (Std Dev.)

© 2020 IEEE
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Almost all of the proposed methodanestimate capacity or resistance with 1% or
less error, showing they are all promising didates for SOH estimation. Two of
the best methods are the FNNhnk-means and RNN(LSTM) methods presented in
[149] and in[154], which have low errors of 0.66% and 0.96% respectively despite
thechallenging multtemperature dataset used to train and validate the networks.

It is challenging to draw more specific comparative conclusions about the
methods, though, because of the differences between datasets, battery types, test
conditions, and target criteria. As previously discussed in sectlenMIL models
are datadriven algorithms and, therefore, the quality of the data used to train and
validate is undoubtedly one of the essential aspects to be considered. Many of the
works presented in this section have used datasets that are only good for preliminary
studies, but insufficient to be used to compare methods intended to be applied to an
XEV application. Therefore it is recommended that future ML SOH estimation
works use pulcly available datasets, as showriliable 3.4, or share their datasets
so others may benchmark their methods against the prior art. The dataset available
in [170], for example, was obtained from 124 LFP cells acquired atlf@sging
conditions at varying SOC ranges. The training guidelines suggested in 8etiton

can as well be applied to SOH estimation.
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Table 3.4 Publicly Available Battery Datasets

Dataset Repository Reference
Li-ion Panasonic NCR18650PF [139]
Li-ion -NASA Ames Prognostics Data Repositor [157]
Li-ion LFP A123 (APR18650M1A) [170]
Li-ion LG 18650HG2 [171]
© 2020 IEEE

3.4. Concluding remarks
Based on the studies presented and summarized in this work, a wide range of
machine learning approaches are suitable for the estimation of battery SOC and
SOH. Many of the studies presented in this review did not use data with sufficient
realistic dynamicshat usually occur in a real XEV application. For example, only
three studies, including the contribution of this work in se@i@r6, validated their
method at negative ambient temperatures, where the estimation of SOC and SOH
is even more challengin&implified comparisons were made among the different
SOC and SOH estimation methods, providing some general insight with each work
and showing that in geney&80C and SOH can be estimated with an error of around
1%.

The studies reviewed also highligttte importance and challenge of
collecting and preparing the data used to train and validate the algorithms; this is a
crucial and challenging task when using ddii@en algorithms. The data collection
process can require months or years of testing, edlyawhen SOH estimation is
the objective. Despite the increasing amount of data being generated and the recent
advances in the ML, their use and efficiency are still limited by not only the quantity

but also the quality of the data. The computationalgerity required to train and
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deploy ML-based models should be further investigated and compared in future
work since ithas noteen addressed consistently within the surveyed work.

Many publications have used datasets that are good for preliminargsstudi
but can be insufficient to compare methods intended for XEV application.
Therefore, a table referencing publicly available datasets has been presented to
facilitate the access to higjuality data and hence help improve further the quality
of future woks in the field. Additionally, the importance of the intrinsic random
nature of the NN training process and the resultant variation of its accuracy was
demonstrated by repeating the training of two different NNs fifty times. A simple
set of guidelines isuggested to be followed when training and comparing ML
algorithms, which considers the use of the same validation dataset, the number of

ML fitted algorithm parameters and training process repetitions.
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4. NON-RECURRENT DEEP NEURAL NETWORKS DESIGNED

FOR STATE-OF-CHARGE ESTIMATION AT MULTIPLE

TEMPERATURES
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4.1. Introduction
This chapterfocuses on the use of feedforwateepneural networks to estimate
battery SOC. An FNN is investigated due to its simplicity and advances with this
algorithm in areas outside the automotive induftfdyl]. Additionally, the FNN
compared to recurrent networks such as the LSENuires less computing power
to train and may require fewer computations per time step of the operation. A
simplified SOC FNN concept diagramdspicted inFigure 4.1, wherelk, Vi, and
Tk are measured battery current, voltage, and temperatu&C@ids the measured
state of charge. Because RN has no internal memory, one of the drawbacks
compared to the LSTMor examplefilters based on thenovingaverage values of
current and voltagareuses as inputs to effectively give the netwaak external
memory The NN structure includes multiple hidden layers and a variable number
of neurons. Large datasets are needed to fit or train thee&ifNableparameters

such as the neuren@eights and biases shownHkigure 4.1.

104



&) ~—— Neuron bias

G
Neuron é 0 N Nonlinear
weights W Activation

Function

Input Hidden Layers Output
Layer Layer
Figure 4.1 Simplified concept FNN structure for SOC estimation.

4.2.Feedforward neural Network training process
The concept o$upervised machine learning is applied, where the FNN parameters
are determined by minimizing an error cost objective function, e.g. the sum of
squared SOC estimation errors. A flowchart of the FNN training process is shown
in Figure 4.2, where a training dataset, often divided into batches or fractions, is
fed into the FNN. Sealled forward propagation computes an initial output and
thencompares to a reference SOC to compute a loss (sum or errors). The loss is
backpropagated, using arges of partial derivativesoncerningeach of the FNN
internal parameters (weights and biases) updating their values, then a new iteration
repeats. Thisterative process continues unile-setcriteria, such as reaching a

target error or number of iterations, are met.
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At regular intervals during the training iterations, a separate testing data set
is used to validate the accuracy of the FNN. The modettsd with separate data
to demonstrate that the trained model can perform well in condiliatere present
in the application domain but not used in the training process. When the model
performs well only for the training dataset, the FNN is saltbiee been overfitted
to the data, i.e. the fitting is too specialized to the given training dataset. A more

thorough explanation of the FNN training process can be foufitidh

4.3. Data acquisition and preparation
As an FNN is a datdriven method, the quality of the data can be inferred based on
howmuch of the targeted domain information can be found within the dataset used
to train the NN, as well as how much noise or irrelevant information it contains.
Although it is essential to remark that despite being unwanted in the application,
measurement ge and error in most cases cannot be removed and thestiouéd
be considered when training and testing a neural network. Consequently, the noise
becomes part of the targeted domain information. Later irchigiptey this subject
will be addressed imore detail and used to improve the robustness of the SOC

estimator.
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Figure 4.2 Neural network training and testing/validation overview process
Table 4.1 Battery datasets specification$171]
BATTERY CAPACITY |FORMAT |PROFILES TEMP.
PANASONIC 18650PF |2.9 Ah Cylindrical [Mix (1-4), HW,-1 0 C, 0 C
(PANASONIC) 18650  |UDDS,  LA92
USO06,NN, CC
LG HG2 (LG_HG2) 3 Ah Cylindrical |[Mix (1-8), UDDS|-10 C, 0 C
18650 LA92, HW, US06
CC

In the case of this work, the battery datasets acquired to train and validate the SOC

estimator need to be representative of XEV applications, the targeted domain. The

batteries were tested with a series of power profiles calculated for an electric

vehicle including the automotive induststandard drive US06, LA92, UDDS, and

HW cycles. To increase the amount of training and testing data available, eight

additional drivecycles were also created by combining tisméfted portions of the

fourdrivecycless ef erred -8®m. alBhda Mixurl standard cycl ¢
mixed cycles were tested on the Panasonic cell, and the four standard cycles and alll

eight mixed cycles were tested on the LG HG2, @allshowrin Table 4.1. Each

drive cycle is repeated until the battery is fully discharged, and the battery is then
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charged. The same charge method is always used, 1C cemstamit, constant
voltage @argng, which is commonly referred to as €Y charging. Each dataset
contains the measured cell voltage, current, battery temperature, and theuwsp
consumed or supplied by the battery.

The equipment used to generate the power profiles and logtteeybdata
are listed inTable 4.2, and the schematic of the lab test bench is showsigimre

4.3.

Table 4.2 Test equipment specifications

Cycler manufact Digatron firing ¢c
25A5 ®Panasoni c)
75 B, MLG_HG2)

Vol tage/ current NO. 1% full scale
Data acquisitiolHz

Ci nrcgin-BSabfanasoni
Envirotb®nHE3)

Type K thermocoupl¢ Panas on
AD592( LG_HG2)

Si ze 8 cu. Ft.

Test channel us

Ther mal chamber

Temperature sen
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Figure 4.3 Schematic of the test bench andata logging system

Following battery testing and data logging, the battery data is split into two subsets,

where 7 of 12 cycles (64%) of the available data was assigned for training and 4 of

11 cycles (36%) for testing in the case of the LG_HG?2 cell5anfdB cycles (63%)

and 3 of 8 cycles (37%) for respectively the training and testing for the Panasonic

cell. Both datasets were arranged very similarly with consecutive charge and

discharge cycles. For each battery, the training dataset is compodedfdha

AMi x0 drive cycles and associated charges
and LA92 cycles with the associated chardegure 4.4 shows the histogram of

the voltage, current and battery temperature from training and testing datasets.

109



x10

8 x10'

; 9
8 <10 O ”
27 £
D | C
£y 5 &5
° o | ° |
39 23 -5:3
2l 21 2!
73 a5 4 a2 0 0o 1 2 3
\Y C-rate
(a) (b)
Figure 4.4 (a) Histogram ofthebat t ery vol tage (V), (b) t

(C-rate) from training and testing datasets from the LG_HG2 cell

The FNN algorithm is used to predict SOC, which is calculated from the measured
amphours discharged from the battery. The Ah is accurately obtained from the
cycler presented ifiable 4.2. The amphour measurement is reset to zero (100%
SOC) after each full charge and is rescaled to SOC ranging from 0 to 1, where 0 is
equivalent to 0% SOC and 1 to 100% SOC.

Normalizing the datset before using it to train the model is another essential
step of the data preparation. Normalization improves the model performance during
the training process by reducing the distortion of scale among values in the training
dataset. For example, inatel o f feeding the FNN with (1°
respectively current, voltage and battery temperature, the values could be
normalized to (1; 1; 1)Normalization, in practice, can significantly reduce the
training time as the input values <can be
parameters quickly adjust during trainif1L]. Another critical step is to use the
correct data structure, especially if the dataset requires more memory than is

available on the computer or graphics processing unit (GPU). For these large
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datasets, it is necgary to use data repositories to manage the data and to feed the

data appropriately during training. This also improves the training efficiency

considerably as it can provide options like the use of multiple central processing
units (CPU) cores and even iitiple GPUs when available. Both Matlab and Tensor

Flow provide such options. The list below shows a sequence summarizing the main

steps taken to prepare the datasets in this work before use to train an NN to perform

a SOC estimation.

1. Acquire or use datthat is representative of the intended application.

2. Search the dataset to find possible inconsistencies and errors during
experiments.

3. As this is a timeseries problem certify that each data file was acquired using
the same sample rate, if not is necessamgscale and to match the data rate,
e.g. if discharge data is acquired at 1Hz and charge data at 0.01Hz, charge data
should be upsampled to 1Hz

4. Split the dataset into two completely distinct subsets (Training and Testing) to
validate the model duringnd after the training process

5. Use normalization to improve the training process efficiency. Note: MATLAB
provides the option of batch normalization on the input layer, check the
documentation.

6. Use a data repository when the data is too large to fit iavwhgable computer
memory; it will also improve the efficiency of the training process. In the case

of this work, as the data set is not very large, it could be easily trained in a CPU
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with simple data arrays. To make the method more generalizedgh, a
datastore structure was used in al/l

d ensor f | owhendiging fessertFov.

4.4.Robust Li-ion SOC estimation using FNN

Depending on the problem tackled, the choice of the type, shape, size and number
of inputs of the FNN can vary widely. Building an FNN is an iterative process, and
it is possible to prototype and check the initial results quickly and to use this
information to perform structural changes and another iteration. In the case of SOC
estimation forLi-ion batteries applied to XEVs, some assumptions and methods,
based on the published literatu®9][137][172] were applied, i.e. the use of
voltage, current, and temperature are essential, but not always sufficient to estimate
SOC with a reasonable 1% MAE. The choice of FNN in this article was mainly due
to its simplicity and the assumption that it could raare efficiently in a BMS.

However,it is noted that some necessary adjustments could increase its
overall complexity, such as increasing the number of inputs and creating more data
preprocessing steps. Knowing that the battery data variable, SOC, voltage, current,
and temperature, have go@edent relationship over time, we chose to approach the
solution using regression. To serve as an initial reference for this work, a recently
published worf21] uses an FNN model to estimate SOC for-ghibattery, where
the inputs were battery terminal voltage, battery temperature, averaged terminal
voltage, and averaged currefihe averages created for the current and voltage

were on aolling window of 400 timesteps, where each time step is one second.
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The 400 timesteps window have presented the best results when compared to 100
timesteps.

The use of voltage and current averages on a rolling window was crucial for
reducing the SOC estimation error to a reasonable value when compared using only
the current and voltage at each time step. The averaged values transfer information
from pasttimedepsto the present calculation, which gives the FNN the capability
to consider past information. Other NN approaches, such as the LSTM recurrent
neural network has within its gated structure the capability to record and select
which past and current infioration can be used to calculate its output. The LSTM
has been used recently to estimatéohi battery SOC ifi1l37] and[23], where no
average input was nessary, onlyV(k), I(k), and T(k). However, the training
process is significantly longer for an LSTM, especially when only a CPU (no GPU)
is available for training. For example, training an FNMi@en layers, 50 hidden
uni t s, 25 C dataset) takes |l ess than an ho

longer for an LSTM with a GPU.

4.5.FNN Structure selection and number of neurons search
The chosen structure for SOC estimation at
voltage V(k), currentl(k), battery temperatur@(k), averaged terminal voltage
Vavgk) and averaged curreidv(k) at time stegk. The averages were computed
based on the 500 g¢rious one second time steps (rather than 400, as mentioned in

the prior section, although in our exploration 400 and 500 seconds averaging had

113



similar results). The FNN structure was composed of two hidesrs,L, and

numbers of neurony|, in each hiden layer, as shown Figure 4.5.

e e ey e SR

Figure 4.5 FNN structure used to estimate battery SOC

The FNN was trained with the number of hidden layers fixdd$o2 and for the
LG _HG2, 25 C da fTabls £3 An algoritkeny leasetd enda simple
Afor |l oopd Iincrement, was set to vary the
N, from 1 to 100, and the training was repeated for each configuratiomi€®tth
ensure a consistent result.
The underlying reason to have such variation and repetition was to take into
account the random initial weight/bias values when starting the FNN training
process. Different seed values can lead to different local mifiineaerror ranged
over nearly a factor of two for the 100 repetitions of the training performed for each
FNN configuration shown ifrigure 4.6, e.g., theFNN with 100 neurons in each

hidden layer had RMSE minimum of 0.90% and max 1.45%, making it clear the

initial values have aubstantiakeffect on the training process.
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Figure 4.6 2000model SOC estimation resultsdivided into twenty groups of model
configurations, based on the # of neurons per each of two hidden layers, where each
configuration was submitted to 100 training repetitions.

The parametrs used in all training processes are present8alite 4.3, where

each time the data passes through the NN during training is referred to as an epoch
and the learning rate (LR) is a scalar that is used to tune the step size of the gradient
descent dung the backpropagation. The learning rate is an essential tuning
parameter because if it is too large, the local minima may not be found, and if it is
too small, it will slow the training time considerably. A larger learning rate is used

at the start ofraining, and the value is gradually reduced to improve the training
process performance over time. This is implemented by schedeNegakepochs

after which the LR will be reduced (LR drop period) and defining how much the
LR will be reduced each tim&R drop factor). The LR drop factor is multiplied by

the learning rate to update the value of LR for the next training iteration.

Table 4.3. FNN parameter values for structured training

Number ofepochs 5100
Initial learning rate 0.01
Learning rate drop period 1000
Learning rate drop factor 0.1

# of hidden layerd, 2

# of neurons per hidden layé\, 1to 100
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Figure 4.7 shows the results from a different test where the FNN was trained only
once at each variation of neurons per hidden layer, where the number of layers is
again two. The three bestsults wereobtained when the number of neurons per
hidden layer was 55, 82, and 99 neurons.

The number of neurons for the NN structure was chosen to be N=55, the
lowest number of neurons among the three best resiiglire 4.7. Fewer neurons
imply that the model has fewer parameters and will require less computational
resourcesThe detailed NN structure and the LG_HG#®h SOC estimation plot
is show in Figure 4.8. The NN structuré is composed of five inputs, two hidden
layers, 55 neurons in each hidden layer, the hyperbolic transfer fuetaeen
both hidden layers, a 0.03 leaky rectified linear unit (RELU) layer, where a negative
value will be multiplied by 0.03, and an output layer with a clipped RELU with the
ceiling at 1. The use of the leaky RELU layer has significantly reduced the max

errorat the end of each discharge segment.
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4.6.Improving the robustness of the SOC estimation FNN model

As mentioned before, the FNN is a ddtaven method, so the quality of the data

used to train is paramount for the quality of BN as well. Although sometimes
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the data with the necessary information to train the FNN model is not available or
is very expensive to obtain, then as an alternative, some information can be
artificially generated and added to the current dataset; thefeésed to as data
augmentation. There are several ways to artificially generate more data, such as
using physicabased mathematical models. In the case of image classification
problems, images can be augmented by creating distortions in the origaga, im

for example, by flipping the original data horizontally as a mirror and adding the
augmented image to the training dataset.

In the case of SOC estimation for XEVs, the sensors used to capture voltage,
current, and temperature have a significant edwe to the lowcost sensors
typically used. If the expected error is known during the model design, the NN
training dataset can be augmented to include error on the signals, improving the
robustness of the resulting network. Table 4 shows the gain a&d effor values
that were used to augment the dataset for each feature in the dataset. The error
values are similar to what would be seen in an automotive applicatienSOC
data based on the measured Ah was kept unchanged, as it is the objective. The
model error is calculated based on the difference between the accurate measured

values of the SOC and the model predicted values.

Table 4.4 Additional error added to the training dataset

Feature Offset Error | Gain Error

Voltage +AmV -

Current +110mA +2%
Temperature N5 C -
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The offsets values were added to its corresponding feature, e.qg. if the voltage at

time stegk has initially been 4V, after adding the offset of +4mV, it became 4.004V.

Likewise, a measured current of 1A with again erro286 would become 0.98A.

Table 4.5 Cases used to increase the dataset with extra information

Curr e
CaseGai n
1( Ori g 0
2 +2 %
3 +2 %
4 +2 %
5 +2 %
6 -2 %
7 -2 %
8 -2 %
9 -2 %
10 +2 %
11 +2 %
12 +2 %
13 +2 %
14 0 %

CurreVol tTe nepr at
Of f scOf feg Of f s

+

+

+
+
+

0

0
110
110
110

0
110
110
110

I
I
I

-110 mj/

-110m/{ +4 m)
-110m/ +4 m)
-110m/ +4 m)

-110 mjy

+ 4 m)
+ 4 m)

+ 4 m)\
+ 4 m)\

0
0
0

+
@)

0
0

+
n O Onlololopno oo o

@)

0

dn+
OOO

-4 mV -5

Using thel4 Casesn Table 4.4, eachwith a different combination of current,

voltage, and temperature offgeigain error. Thereforghe trainingdatasebecame

fourteentimeslongerthan the originaCase 1

4.7.Results and analysis of FNN trained for robustness, second cell

type, and multiple tempeatures

471. Robustness

of

FNN with

LG HG2

The NN structure and configuration presenteligure 4.8 (two layers, 55 neurons

per

l ayer)

and

{doh @atasetScon@inirig @ll 14 Guymehtation
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cases listed imable 4.5 were used to train an@dt the estimation model. The
results are presented kigure 4.9, where it shows thatespite the error added to
the measured data, the model was still able to compensate and predict the SOC with
reasonably good accuracy even when sensor error is sighifi@arcase 13). The
RMSE, MAE and max model error is about double the error for the FNN trained
with no error Figure 4.7), but this is to be expectéecause the sensor errors add
to the uncertainty of the relation between the modaits and state of charge.

The error could likely be further reduced by training the FNN a large number
of times as was done in the prior section, but this was impridtieato the large
size of the dataset increasing the trainihg time needed for 10 hours. Higher
accuracy could also be achieved by using genetic algorithms or backtracking search

algorithms to select the number of laygr$8] and optimum NN structure.

12
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7.4 75 73 7.3
8 65 6.7 g3 67 g3 63 6.3 6.4
;\g 5.8
*:6
o
s
2 431313131313 13 13 14 14 16 16 15 15
o 10 0 0 10 10 10 0 B0 0 Lo ©1 12 13 5
1 2 3 4 5 6 7 8 9 10 11 12 13 14
(Cases)
MAE (%) RMSE (%) Max (%)

Figure 4.9 LG_HG2 SOC estimation errorfor eachcasedescribed inTable 4.5
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472. Val idation of FNN on the Panasoni
The same FNN structure shownFigure 4.8 and initially trained on the LG_HG2
data at 25 C was trained on ibTekledRanasonic
The FNNis only trainedonce and 0.85% MAE and 6.65%AX areobserved,
about double the error achieved with the LG_HG2 datagéagire 4.7. The SOC
estimation plot irFigure 4.10 shows that the error is generally less than 1% MAE
and that it is the greatest for the most aggressive of the cycles, the US06. No
augmented data was used in the case, as the purposedsiprsionstrate the model
form also works well for another cell type. While the error is reasonable, it could
be reduced by training the network multiple times or sweeping the number of

neurons, as was done in prior sections.

1.10% (RMSE),0.85% (MAE), 6.65%(MAX)

0 1 2 i 4 5

Time (s) x10*
Error
s -
3
S
b
= o !
0 1 2 3 4 5 6
Time (s) x10*

Figure 4.10 Results for two-layer, 55 neurons per layer FNN trained with the
PANASONI C dataset at 25 C
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4.7.3. Validation of the FNN model for LG HG2 with multiple
temperatures

ThewholeLG_HG2 dataset{1l! 0 C, Oagfd 28 C€C) is now used t
two-layer, 55 neurons per layer FNN. The dataset is four times larger than the initial
tests at 25 C. A tionbattewy istsebjagied to afteaisrthat,cant h e L i
reduce its life, power capability, and incretfse complexity necessary to estimate
its SOC, as discussed in [1]. This results in a higher error for théeloywerature
cycles.

The results of the FNN trained on the mt¢timperature LG_HG2 dataset

are presented in
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Figure 4.11 Results from the FNN model trained with an LG_HG2 dataset at four different
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. Results show MAE kept under 1%, although the MAX error is close todl6% 0 C
and-10 C, and c | olsdkcadesthelfighter error hdppens@t the end

of the US06 dischargas $iown in dotted circles ifigure 4.11.

Table 4.6 Results from the FNN model to estimate l-ion SOC trained from
the LG_HG2 dataset with multiple temperatures.

Temper atRMSE (MAE ( MAX (

25 C 1.14 0. 66 6. 65
10 C 1.19 0.85 9.15
0 C 1.18 0.78 15.5
-10 C 1.28 0.84 15.7

The higher error is due primarily to the much higher battery internal resistance at
low temperatures. The USO06 cycle is also a more challenging case, with a much

higher discharge rate than the UDDS and LA92 cy@ps
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4.8.Hybrid Energy Storage System Statef-Charge Estimation
Using Atrtificial Neural Network for Micro -Hybrid Applications

Many jurisdictions around the world, which have considerable automotive vehicle
markets, are challenging the automakersmorove the fuel efficiency of cars and
reduce emissions. The three biggest automotive markets, Europe, USA and China
have established targets to reduge/ emission to 12%, 12%, and 18%
respectively from 2017 to 2020. These reduction targets are rétatedaverage
of all new vehicle salesand each automaker should achieve the targets, reducing
their fleet# / emissions on average, which means that the automakers can achieve
different levels of efficiency for different cars if the average of the sales fleet
achieves the targdi]. The dectrified powertrain is one of the most effective
technologies to enable timaprovemenof efficiency required, but to find the best
trade balance between effin®y, production cost, and selling price is a challenge
[5].

For the entry segment market, an engine-stagt system, i.e., a 12V miero
hybrid powertrain, which uses a belt starter generator instead of the alternator,
coupled to the engine crankshaft by the front engine accessory drive (FEAD) belt
can provide up to 7% energy recupergtias].

Despite all benefit brought by this micrbybrid powertrain to improve
vehicle efficiencythecurrent amplitude of about 300A is required from the battery
during charging and discharging. A standard Leeid (LA) battery, used on

t od ay &tep sygsterasy is not capalotieprovidingefficiently and continuously,
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without severe degradation, this level of current for as long as it will be required
[10]. Voltage instability is another issue obsatwvhen using only one LA battery

as the vehicle voltage oscillations can cause, for exaffiydéuationsn heating, air
conditioning fan, and lights. Althougthis problem can be solved by using an
additional and smaller LA battery, e.g., 6 Ah, speaify for auxiliary load support,
butit is still not solving the high current demand mentioned before. Another option
would be to use one large 12\+ibin battery, e.g., 60 Ah, but its relatiydigh cost

shall reduce the affordability for this market segmemd crank capability is
reduced for extrentg low temperatures, e.g-30Cs although, there were few
improvements in this regafd74].

To satisfy all the requirements of this midrgbrid vehicle, a 12V hybrid
energy storage sy@h (HESS) is proposed, combining two batteries in parallel: LA
and Lion batteries as shown Figure 4.12;, where the LA battery is the battery
responsibldor providingthe energy to the cold crank and also to supply energy to
the vehicle electric auxiliary loads and a smatidi battery responsible for the

power assist and regenerative brakl7@).

Vehicle
o | Battery | Electric Loads

© 2020 IEEE

Figure 4.12 12V HESS topology
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As mentioned before, this powertrain configuration is to address entry segment
markets and then this system design is driven by its low cost and fuel consumption
limited efficiency. Therefore, it is desired to reduce or avoid as much as possible
higher coss, e.g., use of additional engine control unit (ECU) to perform the hybrid
controls. For that kind of system, a simplifisthpbasedcontrol is usedand an
accurate estimation of the batteri@®C is mandatory, as the entire mbased
controlsaredepenént on the SOC. There are several methods to estimate the SOC.
The most common is by using Coulomb countihd), which integrates the current

overtime, as shown below:

L L p ‘ ‘ (4.1)
YEO “YEO —_— Co- Qo
O ZOO@TT

where0  is the maximum capacity of the battery in Ah, is the efficiency of

the battery[175][176][3]. Two main drawbacks of the Coulomb counting is the
dependency orareasonaby good estimation of the initial SOC of the battery and

its vulnerability to sensors agracy errors that tend to increase by accumulation as
the current is integrated. These problems can be solved by combining with Kalman
Filters[177] that can rectifytheinitial value of SOC and then integrate the current
over the desired period correcting the estimation towards the real SOC value.
Another methodECMs has been used for modelling the voltage dynamics with
the high current variation of batteries, whereypital ECM can be developed by
adding one internal resistance in series to an open circuit voltage source and one

resistancecapacitance (RC) circuitetworkto capture the firsbrder dynamics of
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the battery terminal voltage, but more RC pairs can bedatieapture higher
orders dynamic$178]; for this method, it is also necessary to have a table with
accurate OCMWSOC relaibn to estimahg the SOC.

Recently, machine learning algorithms, such as artificial neural networks
have been used to estimate the battery SOC as it can pregigtapriately trained
the SOC of any kind of battery without requiring any prior knowledge of riggnt
physicalcharacteristics, e.g., chemical composition or G&YC relation[178],
[179][151][180][48][137]. In thischapter a new method to estimate the SOC of
both bateries usingonly oneFNN modelis proposedTo develop this method, a
set of differendrive cycles, commonly used in the automotive industry, was used
asareference tdrain the FNN model[181][48]. Theexperimental batteries data
was generated from a battery cycler using different drive cyatesthe batteries
used in this work wsan 8Ah Lithium Iron Phosphate (LFP) 12V battery and a

60Ah LA battery.

4.8.1. FNN Model for SOC estimation
As stated before, the capacity of a feedforward neural network to approximate any
function without knowing its features makes it a powerful tool to capture the
nonlinear behaviar of batterieg182]. In this work for the first timgan FNN model
was createdo estimate the SOC of a 12V miengbrid vehicle HESS. Another
interesting contribution from this work is the design offNN structureto estimate

the SOC of both batteries simultaneously, as showigimre 4.13.
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4.8.1.1. Preprocessing and selecting data
Firstly, the available data eve analyzedregardingconsistency and quality to be
confident that it can bappropriately use@nd avoid misinterpretation of initial
simulation results.

The data used in this work was collected using a 100 Hz sample rate from
six different homologation drive cles. This represemtoughly 1.5 million data
points. Although, by analyzing the data, it was observed that the influence of the
measurement variations withian millisecondsis negligible.It wasimplying that
resampling the data to a lower rat be done without losing relevant information
to estimate the SOC. Afterwardbe data wreresampled to 1 Hz, reduciribe
processing time consideratduring FNN training.

Another critical step was the scaling of the data, setting all input values
between 0 and 1, which in this case proved to reduce the estimation error
considerably, e.g. by a factor of over a hundred [151].

Finally, a selection had to be done regarding what data shall be used for
training and what shall be used to validate the SOC estimation. For simplicity and
to avoid mistakes, it was decided to use 5 of the 6 available drive cycle data to
train the model and the sixth drive cycle data not used during training to validate
the model. The drive cycle selected for validation was the Worldwide harmonized
Light vehicles Test Cycle (WLTC) created by the United Nations Economic

Commission for Europe (UNECE) to represent the typical driving characteristics in

different places over the world [183][184].
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4.8.1.2. FNN structure
The structure of thENN was created in MatlaBbO16environment using itaeural
Network Toolbox. Thé=NN structured was configured to divide the training data
into training, validation and test setowever it was randomly separated according
to the respective proportional distribution of 70%, 15%, and 15%. This division is
necesary to perform validation checks during the training process to update the
weights and biasess explained before. THest neural network performance,
during training, has been measured by using the mean square error (MSE). The
number of epochmitially set was 2000and a max validation checklso known
in as patience,was set tal00. These parameters were tuned in a way to avoid
overfitting and at the same timenaintain good generalization to adapt well when
tested with unknown data. After several adjustments theses parameters were set as
follows: performance (MSE) set sominimum of JA and max epochs set to only
50.

The transfer function chosen to compose skructure was the hyperbolic
tangent transfer functioritangsig owhich keeps the neurons output values
bounded betweerl and 1.To improve the generalization of the neural network
Bayesian regularization method is used, which can automatically set the
regularization ratio to avoid overfitting. On Matldhis is realized by the training
function fitrainbr. dhe training process can be observed on the Matlab toolbox

diagnostic window.
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Anothercritical step is the selection of the number of hidden layers and the
number of neurons in each hidden layer. The larger the number of neurons and
hidden layersthe longer it will take to train the neural network. Finding a good
balance betweetheaccuracy and complexity of the neural network is a challenge
that in generalrequires great engineerimyperience andffort. In this work, the
best configurationdund was 12 inputs with 2 hidden layers, with 4 and 2 neprons
respectivelyon the first and second hidden lag€fhis structure was designed to
estimate the SOC of both LA and LFP batteries at the same d@snghown in

Figure 4.13.
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Figure 4.13 The architecture of the four-layers network and 12 inputs, 6 from
each battery, for estimating SOC from LFP and LAbatteries

The use of the terminal voltages, currents, and temperatures from both batteries as
inputs werenat sufficient to accurately estimate the SOC. Other inputs had to be

derived, including the first derivative of both voltages and currents from the two
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batteries and the integration of each battery curddhtataacquisitionhappened
atambient temperata, butbattery temperature increased considerably during each
test e.g. the LFRventfrom 23C40 51ConFTP75 and from 2ZC40 37C.onWLTC.

By including the temperature as an inpuis observed to reach better accuracy on

SOC estimation.

4.8.2. Batterydata acquisition

The LA battery used in this experiment was a 12V Enhanced Flooded Battery
(EFB), which is a type of LA battery used for partial state of charge (PSOC)
applications thaarerequired by starstop and hybrid electric vehicl¢s85]. The
Li-ion battery used in this work was & Ah LFP, which is known to be one of the
safest Liion chemistries, is also known to be one of the most difficult to estimate
the SOC due to its almost flat relation between the OCV and &p&cially on
mid-SOC regions as shown drigure 4.14, where the variation of voltage

disproportionally smaller than the SQ&].

35

Flatted region

Voltage [V]
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© 2020 IEEE
Figure 4.14LFP cell OCV [V]-SOC [%] relation
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The two batteries are connected showedn Figure 4.12 and were tested inside
of thethermal chamber, controlling the environment temperature to be constant at
23 C.-Only one sample of each battery has been used to perform the drive cycle
tests.
The test was managed by an AVLOs PUMA,
controls the tests and all measurements. A rtigtarid vehicle simulation running
onthe Matlab environment to generate the current and voltage demand profiles for
both batteries were geraged; those profiles were uploaded on the AVL PUMA to

connect to a battery cycler. The battery cycler operation range is shdvaibla

4.7.
Table 4.7 Battery cycler
Battery cycler operation range
Output Min Max Accuracy
Current +600A | -600A | +-0.1%
Voltage 8V 60 V +/- 0.1%
© 2020 IEEE

For this experiment, each drive cycle was tested only once to avoid any damage
the battery samples. Six homologation drive cycles were imstte experiment:
NEDC, WLTP, US06, FTP75, Highway, and GUDC, which is a drive cycle that
emulates a reakorld driving condition.
Two different SOC estimations were generated in the experiment:

i. From the battery cycleran accurate SOC estimation, usedaa®ference to

measure the accuracy of our method for both batteries.
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ii. From a commerciallavailable BMS equipping only the LFP battery that will

be served in this work as benchmarking.

4.8.3. Results and discussion

After building theFNN model to estimate the SOC of both batteries it was possible
to optimize to obtaigood accuracyo theobjectiveSOC. TheFNN was trained
using the combination of five of the six drive cycles. The drive cycles used to train
the FNN was the FTP75, NEDC, US06, GUDC, and Highway. As already
mentioned, the WLTC drive cycle was noedsluring the training sean to be
used after training to validate its capacity to estimate the SOC.

The lowestestimationerrors are presented Table 4.8, together with the
approximation error of the BMS for the LFP. Only 50 epochs were necdssary

reach a RMSE below 1%.

Table 4.8 NN Backpropagation RMSE result

Drive Cycle- WLTC
Method Battery RMSE (%) MAE (%)

LFP 0.33 0.27

FNN LA 0.84 0.80
BMS LFP 0.60 0.46
FNN LFP 0.33 0.28
+3% Input bias LA 0.84 0.80

© 2020 IEEE

Although the BMS has an accurate SOC estimation vitRMSE around).60%,
the FNN proves to have more accuratestimation with a RMSE around 0.33%.
The plot of the SOC estimation from tR&IN, BMS, and battery cycler is shown

in Figure 4.15.
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Figure 4.15WLTC LFP battery SOC [%)] estimation from PBNN, BMS and Reference
(Cycler)

The results presented from tRBIN method encouraged other testsutmlerstand

its limitations betterAs itis well known that current sensors exhibit measurement
error, andit is an important parameter to beeaaknto account whenfor example,
using EKF[186][187]. To improve the model robusts toinput noisesin amore
straightforwardwvay to what was presented section 4.5it wasadded+3% and-

3% gainto thevoltage, current, and temperatunguts of both batteries, during
training and validationT his wasdone to investigate how tl&\N would respond.
The results are shown Table 4.8. Similar results were achieved when the test was
performed without the inpugain which indicates that if the neural network is
properly trained considerirgimilar sensomoisesin the trainingdataset usedhis

method cartompensatéor the error andanaccurately estimate the SOlgure

136



4.16 shows in the same plot the SOC estimation of both batteries witB%hbias

on the inputs.
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Figure 4.16 WLTC LA and LFP battery SOC [%] estimation with -3% bias on inputs

It is possible to see that the SOC of the LA presented a slow descent during the
cycle, from 100% to about 96% SOC, while the LFP shows a charging and
discharging behavig, starting from 52% SOC. The almed LA SOC RMSE is
about 40% less accurate than the LFP SOC RMSE. Due to the use of only one
structure to estimate the SOC of the two batteries, great effort was necessary to
correctly tune thd=NN to obtain a good tradeoff between both estimations. For
example, a much lower estimation error for the LA was obtained while the LFP

estimation error wasn generalten toahundred times higher.
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4.9. Concluding remarks

The process of designing an FNN to estimate the SOC ofanlbattery for xEV
applications requires several iterations and variations of design variables. A good
understanding of the intended application is also necessary to perform
augmentation of botdata and modification of the FNN structure to improve SOC
estimation. The FNN performance is a strong function of the training data, and the
guality of the data is, therefore, essential for achieving good performance.

In order to improve the robustness of the mpdslshown irsection4.4,
the data used to train the FNN was augmented with information bastuk on
expected limitations of the sensors typically found on annaotive BMS. The
FNN showed some limitations, especially regarding a higher maximum error when
trained with multiple temperatures, but this may be improved by including
augmented data and run more training iterations to select the best model, as done
for the single temperature model showrFigure 4.6. The FNN model was found
to be capablef estimating the battery SOC with accuracy under 1% MAE
section4.7.

In section4.8, an FNN was built to estimate the SOC of a HE&Bnposed
of one 12V LFP battery and one 12V LA battery. The results were compared to the
SOC calculated by a battery cycler. The lower S{p@roximation error obtained
for the LFP battery was 0.33% RMS&hd the LA battery was 0.84% RMSE. The
FNN LFP approximation error was also compared to a commercially available

BMS showing better results. TIRN was also testedhcludinga+£3% gain toits
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inputs to simulate the measurememise commonly observed in sensors for
automotive applicationsr'his approach isimilar to what wagpresentedn section

4.4. As expected,he results were similar to those obtained without including the
extra gainA significantcontribution from thigart of thework was the use of only

one neural network structure to estimate the SOC of two different batteries, which
proved challenging as it required great effort to establish the right neural network
parameters to estimate both batteries SOC under 1% error RMSE.

However, factors such as battery ageing were not considered; they remain
items considered for future wods well as a more detailed analysis of each drive
cycle, especially the more aggressive ones. Other avenues for future work include
the comparison and the use of recurrent neural networks such as LSTM as well as
the test of different NN training algorithnasd structures to reduce the accuracy
variation in the search for the global miniméhe datasets|G_HG2 and
Panasonic, usad section4.7, as well as the Matlab script used to train the &hd,

publicly available to download ifiL71].
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5. RECURRENT DEEP NEURAL NETWORKS APPLIED FOR

BATTERY TERMINAL VOLTAGE MODEL AT MULTIPLE

TEMPERATURES
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5.1. Equivalent circuit type battery models

As an alternativeto Thewenin basedECMs briefly presented in the previous
chaptersthis chapter presemimachine learningnethodshased on gated recurrent
neural newvorks A similar approachwas presentedn [188] when aLi-ion cell
VoltageModel (VM) based on a GRU (GRBNN) wasusedo estimate the battery
terminalvoltage Two VM sbased on LSTMind GRUare developed and compared
in thischapterAs oneof the main contributions of this work is thaitil the present
moment, he VMs, based on LSTM (LSTM/M), is developedand presentedor
the first time.The LSTM-VM is benchmarkedo GRU-VM, and a third-order
Thevenin based ECMn a wide range of temperatuaed two different Liion
batteries Therefore, lhe novelLSTM-VM and a compredrsive comparison to
GRU-VM and ThevenireCM compose the main contribution of tlisapter

In sectiors 5.2 and 5.3, the models ar@resentedin section5.4, training
methoddor the LSTM-VM andGRU-VM is presented as wdhe data collection
information and in sectiob.5the modelsre comparetased on theperformance

and accuracy.

5.2. Thevenin ECM
As already presented in secti@rB.2the ECM, based on Thevenin theorengn
represent the battery dynamics reasonably well, using an electric circuit
representation with one or more parallel,Rere thehigher the number dRC
serieselements are incorporated, the higher becomes the polynomial order and the

more complex beame the mod@d2], [43]. To maintain the model accuracy when
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submitted to a wide range of ambient temperaturesquires the OC\ASOC and

'Y to be a function of the temperatuAs the temperature hasignificant impact

on theinternal batteryphenomena, for example affecting the diffusion rate, internal
resistance and battery capacittymay be necessary to increase the order of the
ECM andadd theButler-Volmer relationshigo represent the mbinear aspect of
theresistanceespeciallyat low temperature and therefore improve the accuracy
of the model However,as a consequence, the engineering effaamputational
complexityto obtain all the parameters for ECM also increases.

The ECMused asbenchmark for this work wasthird-order ECM which
consists of a®CV in series with a nonlinear resistandé and three parallel RC
pairs as shownn Figure 5.1. An HPPC tesinethod together with quadratibased
programming was usedo parametrize the model variahl8%is author did not
develop the Thevenin ECM used to generagsdtresultsused as the benchmark
( (
¢ 5
7& G (i G G

e | v

Figure 5.1 Third -order ECM with nonlinear resistanced
5.3.LSTM and GRU recurrent neural network ECM

As mentioned irsection3.2.5 the recurrent neural network is a sype of neural

networks that reuses information from previous time steps in a elogpdashion.
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Some RNNs have limitations when encoding kbeign dependencies from the data
into the model. This is due to thanishingor explodinggradient that happens
during backpropagation, the process where model parameters are proportionally
adjusted based ondpartial derivative of the loss functi¢t34]. To reduce the
vanishing or exploding gradient problem,gtegulated RNNs, such as the LSTM
[135], bidirectional LM (Figure 3.9), and GRUFigure 3.10), use a set ajates
andthe hiddenand memorystates @ helpthe RNN learn longerm dependencies
embedded in the datBigure 5.2 shows thd.STM and GRU unfolding in time, as

their stateggenerated ima time-stepare used as input in the nefthe LSTM,
compared to the GRU, has a more complex structure, with three gates (input, forget,
and output) rather than two (reset and update), and th&LBes a memory cell

and hidden statesomponergto encode timeelated content, unlike the GRblat

has only the hidden statd=or further detailsrefer to section8.2.5.1 For these
reasons, it was hypothesized that the LSTM would perform better for ECM type
modelling, a hypothesis that is generally supported by comparing the oéshlts

chapterto theGRU-VM investigated irf188].
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Figure 5.2 LSTM or GRU models unfolded in time, althoughthe GRU has onlyhidden
states () and no pgas it does the LSTM

The LSTM-VM and GRU-VM modek are composed of temnd twelve hidden
units, respectivelgnd an output layer with a fully connected |lay@h one neuron,

as illustrated inFigure 5.3(a) and Figure 5.3(b). The activation function in the
output layer is a clipped rectified linear unit (Clipped RELU), which limits output

values between zero and one. The input matrix is {= |, k1

}, where= s

the calculatedamperehours discharged from the cell (analogous to SO@G)the
measured battery current, ahds the measured battery temperature. The nsbdel
outputis the estimated battery terminal voltage, representegd e total number

of learnable weight and bias parameters tloe LSTM-VM and GRU-VM,
respectivelyare571and 589 but from now on will be referenced as 600 parameters
for both modek. Although, he GRU-VM presented in188] also used as a

benchmark has 3150 parameters
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Figure 5.3 (a) LSTM-VM, and (b) GRU-VM model structure for XEV Li-ion battery
5.4.LSTM-VM and GRU-VM Training

Both LSTM-VM andGRU-VM modek weretrainedand testedisingthe dataset

and equipmenpresented inTable 5.1 for each of the batteries, Panasonic and
Samsung T30including all listed temperature$he schematic of theéest bench
and the data logging systespresented ifrigure 4.3. The testing datasetis also
listed inTable 5.1, but in the case of the Panasonic datast UDDS, LA92, and

NN were used to validate the moddisit in the case of the SanmmguT 30 only the
AMI x0 dri ve doytraihaaddhe WRDS,d A92, HVHET, and US06
cyclesfor testing About 2/3 of the data is used for training and 1/3 for testing, a

common ratio of training to testing data, which helps to ensure good training and
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t horough evaluation of wholedatasstwasocdownob s
sampled to 1Hz to reduce the amount of time required to train the model. The data
was also normalized, which improves model accuracy and training speed by setting
all inputs and outputs to a similar valus].

Table 5.1 Batteries, datasets and lab equipment

Battery Datasets Panasoni¢189] Samsung T30
Training Mix 1 to 4, HW, and US06 Mix 1 to 8,
Testing UDDS, LA92, NN USO06, UDDS, HW, LA92
Temperatures -10 C, 0 C, 1-20 -£Q C, 0 C, 11
Cycler manufacturer Digatron firing circuits Digatron firing circuits
Test channel 25 A, 018 V channel 75 A, 05V channel
Data acquisition 10 Hz 10 Hz
Accuracy +0.1% full scale +0.1% full scale
Thermal chamber  Cincinatti subzero ZP8 Envirotronics
Size 8 cu. Ft. 8 cu. Ft.
Accuracy - No.5 UC

For each training case, the process continued for around tétentyand epochs

and took about eight houss mentioned previouslanepoch represents a pass of

the whole training dataset through the model, and in this case, the dataset was
organized in one batch, so one epoch also represents one update of the model
parameters. The initial learning rate was set to 0.01, with the Iganaitm reduced

by 85% every 2000 epochs. The network was created in MATLAB 2019b, and an
NVIDIA Titan X Pascal GPU was used to train the modhk training process was

repeated at least five times due to the reasons addressed in seetidasd4.5.

5.5. Results and Analysis
In thissection the results fronthenovelLSTM-VM proposed modelre compared
with the ECM third-order Thevenin basedndGRU-VM modek using the dataset

of two different Liion batteriesat a wide temperature range, includingw
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temperatures situationghis section is dividedto parts:5.5.1LSTM-VM versus

ECM, and5.5.2LSTM-VM versusGRU-VM.

5.5.1. LSTM-VM vsECM
In this section, lhthe results presentedre based dpont he Samsung T3006s
UDDS HW, LA92 andUSO06drive cycles akach of thesix tested temperatures
presented inTable 5.1. The measured current, athpurs or SOC, and cell
temperature are the inputs for each model= {= ||, k4 }, and the estimated
terminal voltage is the outpu-.

Thethird-orderECM model parameters are calculatddough quadratic
based programmingat each timestep by interpolating between the model
parameterbased on the temperature and SOC input valiethe same timefor
the LSTM-VM, this relationis extracted direty from the data during the training
processThe RMSE of the voltage estimat®opresented ifFigure 5.4, showing
that in 92% of the cases, th8TM-VM performed better than the Thevenin ECM.
The RMSE of the ECM andSTM-VM range from 15 to 120 mV and 13 to 46 mV,
respectively. ARS’C and 46C, the ECM achievelativelylow RMSE between

15 and 37mV and performs slightly better thanli§&M-VM for the UDDS cycle
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Figure 5.4 Samsung T30 ECMand LSTM-VM RMS voltageerror for each drive cycle
and temperature

The performance of the two models starts to divagthe temperatures get lower
though, with theLSTM-VM having RMSE less than half that of thECM for
temperatures ranging fror2 0 t o Thé Gver@ydRMSE for the four tested
cycles at each temperatupeesentas a function of temperature Kigure 5.5,
showing that at low temperaturéise ECM error is double or moreatntheLSTM-

VM error. The nature of theSTM-VM training, which weights the error at every
timestep equally, also results in the error being more similar across temperature.
The LSTM-VM training process effectively gives up some accuracy at higher
temperatures to achieve greater accuracy arfoemperatures, a reasonaiéele

off considering that the main limitation of the ECM is the high error at low

temperatures.
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In summary, the Thevenin ECM performs wellfortheZ8nd 40 C cases

significant error for lower temperatures. Th&TM-VM performs well at all
temperatures and has much lower error ttreenlECM at low temperatures. For
cases where only higher temperatures are of interest, or where less aggressive drive
cycles or other discharge profiles are usedE@® should be sufficient, while for
more challenging cases th8TM-VM is likely to achieve superior performance as
it has here.

To provide further insight into the differences between the two models,
Table 5.2 provides a brief comparison of the models accordirgew quantitative
and qualitative aspects. This shows the ECM dmasebenefits, including lower
computational effort required to determiteeparameters and the use of parameters
thatcanbe derived froma physicalparadigm Then, on the othehand, LSTM-VM
has fewer model parameters, requires less engineering effort to develop, and has a

greater ability to fit the nonlinear and tirdependent behaviour of the battery,
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presumably due to theéeepneural network model form and the training of the

model with atual drive cycle data rather than HPPC data.

Table 5.2 Comparison betweenLSTM -VM and ECM

ECM LSTM-VM
Parametnza:cll_on Tests Required at E HPPC Eight drive cycles (Mix 38)
emperature
Number of Parameters 960 600

Computational Effort of Model
Parametrization
Engineering Effort to Create and High (Custom software Medium (Standard softwar

Parametrize Model tools) tools)

The aility of the Model tolncorporate Medium (Function of
Complex Nonlinear, Tim®ependent model form and HPPC

Low (Fitting) High (Training)

High (Model captures
behaviar in training data)

Behavior data)
. . Yes(Parameters captur No (Parameters are
Can trace to ghysicalparadigm OCV, R) abstract)

5.5.2. LSTM-VM vs GRU-VM
In this section, all the results presented are based onRaoasonid s UDDS,
LA92, andNN drive cycles at each of tHeur tested temperatures presented in
Table 5.1. As shown inFigure 5.3, the measured current, anfpurs, and cell
temperature are the inputs for each mdéaehing the input matrix ={= | L
1| 3, and the estimated terminal voltage is the outgut,

As already mentioned in sectiod, the GRU-VM has already been
introduced in[188]. Although, despite using the same battery dat&smtasonic
datasetvailable in189], theLSTM-VM presentedbette accuracy thathe GRU-

VM, as shown irFigure 5.6 when both models were compared based on the NN

drive cycles at differeriemperaturedtissh o wi ng t h a ftheGRUIVY a't
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(3150 parametergresented better resulidespiteusingmore than five times the

number of parameters used for tH&TM-VM (600 parameters)
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Figure 5.6 Panasonic RMS voltage error for selectetlSTM -VM model results comparing

to GRU-VM result presented in[188]

Even though this initial comparison is not sufficiengtearantee that theSTM-

VM is indeed superiootthe GRU-VM. One crucial difference reliagponthe fact

thatthe GRU-VM developedn [188] have useda different part of théPanasonic

dataseto train the modelas shown inrable 5.3, andwasnat mentioned by the

author whether or nathey have considerethe variation of the resultslue to

different local minima.

Table 5.3LSTM-VM

Model LSTM-VM GRU-VM [188]
Number of parameters 600 3150
Battery Datasets Panasonid 89] Panasonid 89]
Training Mix 1 to 4, HW, and US06  US06, UDDS, HW, LA92
Testing UDDS, LA92, NN NN
Temperatures -10 C, 0 C, ,-10 C, 0 C,

Thereforeto reduce the uncertainties regarding the comparison betwedwdhe

modelling approachesix LSTM-VMs andnine GRU-VMswere trained using the

151



same datasets ftraining and testing as well tlsameparameters used tane the

training procesas shown imable 5.4.

Table 5.4 LSTM and GRU VMs training parameters

Battery Datasets Panasonid89]

Training Mix 1 to 4, HW, and US06
Testing UDDS, LA92, NN
Temperatures -10 C, 0 C, 1
Number of epochs ~20000

Initial learning rate 0.01

Learning rate drop period 2000

Learning rate drop factor 0.85

Parameters 600*

*571 for LSTM-VM and 589 foiGRU-VM
The extendedcomparisorbetweenthe two models approadh shown in Figure
5.7, wherean average of the results per drive cycles and temperatures is presented
in Figure 5.7(a) showing thatonly in 2 out of 12 cases th@RU-VM presented
better results than theSTM-VM . Figure 5.7(b) andFigure 5.7 (c) shows how the
results are distributefbr each trialin each drivecycle and temperaturéherefore
concluding thabased on theametraining conditions and dataseted in this work
theLSTM-VM approactpresentedower error tlanwhat could be achieved by the

GRU-VM approachdespitehelarger number of trial
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5.6. Concluding remarks

Three ECM approachesvere presented in thishapterfor two different Li-ion
batteries datasets The first approachis a thirdorder ECM with nonlinear
resistance. The secorahd third modds ae based ortwo machine learning
approacks using RNNs, the LSTM and GRU, respectivelyThe ECM is fitted
based on thélPPC test data using quadratic programming, whild$EM-VM
and GRU-VM modek weretrained usingdifferent drive cycleslata at different
temperatureg-or the Samsung T3@resented consideraghbbetter results than the
ECM. Betweenthe LSTM-VM and GRULSTM, for the Panasonic datas#ie
differencealso benefittedowardthe LSTM-VM, maybedue to theextra gate and
memory state embedded instsucture For future worka different structure of the
GRU-VM canbe able to match thHeSTM-VM by stacking another GRU layer or

fully connected layer.

154



6. POTENTIAL OF TRANSFER LEARNING FOR IMPROVED

STATE-OF-CHARGE ESTIMATION WITH A RECURRENT

NEURAL NETWORKS
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6.1. Problem statement
The process of training machine learning algorithms iss$askifig though, so the
algorithm must be trained with a substantial amount of data &aohspecific
application Furthermore, the data must cover as much as possible of the whole
operating range, which will be required by theendedapplication.In the case o
Li-ion modelling or Liion SOC estimation,he data may include, buatre not
limited to, timedomain measurements of voltage, currémperatureand amp
hours over a wide range of temperature, state of charge, and current or power
values. To create aufficiently large battery dataséd train aNN for SOC
estimation can, therefore, be a significant burdéis work proposes reduce the
necessary training datecessaryor estimating the SOC of different types of Li
ion batteriesA model based ohSTM can be trained for one battery type with a
fifull 6 datasetand then rdérained for a different battery type with a lesser amount
of data and time using transfer learn{iif}) [190], this is the first time TL has been

used for a battery SOC estimation application

6.2.XEV li-ion SOC estimation with LSTM
A model based ohSTM canfir e me mber 6 p awhich makeftheisr mat i o n,
approachespecially useful to solve problertisatinclude long sequential data or
time-series data, such as speech recognition and battery#s@6Gown in previous
chaptersUp to the time of the publication of this stuf28], LSTMs have been

validated in the literature for SOC estimation of at leas¢ battery type, a
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Panasonic 18650PF-ion battery cel[137]. This work expaneldon the prior art,

to test LSTMs for additional battery types and to demonstrate transfer learning.

The batterydataset necessary t@in the LSTM hago berepresentative of the

intended applicationin this case, XEVFor this research, the batteries are tested

with power profiles calculated for an electric vehicle performing the US06, UDDS,

and LA92 industrystandard drive cycles.obr datasets were acquired from four

different Li-ion batteries, a Panasonic 18650PF, LG HG2, Samsung 48G, and
Samsung T30. Each dataset contains the measured cell voltage, current, battery
temperature, and the armpurs consumed froreachbattery. The bagries and

dataset profiles are summarizedrigure 6.1, wh e r e drigeccyclepiiofe x 0

is created from a timshifted mix of portions of the#lS06, HWFET, UDDS, LA92

profiles, and CC is a 1C constanirrent, constantoltage charging profile. All

tests were performed in a ther mal chamber
surface temperatr e i ncreases beyond 25 C due to | os

Table 6.1. Battery datasets specification

CAPACIT
BATTERY Y FORMAT TEST PROFILES

PANASONIC 2.9Ah | Cylindrical |MIX (1-4), HW,UDDS, LA92, US06
1865@PF 18650  |CC
(PANASONIC)
LG HG2 3 Ah Cylindrical |Mix (1-8), UDDS, LA92, US06, CC
(LG_HG2) 18650
SAMSUNG 48G 48Ah | Cylindrical |Mix (1,2, 6, 7, 8), UDDS, LA92,
(SAM_48G) 21700  |US06, CC
SAMSUNG T30 3 Ah Cylindrical |Mix (1-8), UDDS,LA92, US06, CC
(SAM_T30) 21700

© 2020 IEEE
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TheNN learning process with one or more LSTM layers is very similar to that for
otherNN structures, and consists of four simplified steps: 1) feedforward the input
data through the network with its learnable parameters, 2) compute the error based
on the difference between the output (i.e. estimated SOC) and the desired target
(i.e. measure@®OC calculated from measured aimurs), 3) backpropagate the

error to update the network parameters using gradient descent, 4) repeat steps 2 and
3 until the error is less than the desired threshold or until other conditions are met
such as exceeding a rigum iteration setpoint, e.g. max epoc8seFigure 4.2,

a simplified view of the NN training and testing/validation process.

Trained LSTM-RNN Layer 1 - LSTM

“Battery A”
Sequential input

4 ‘ %
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— jous block e tangent Summation /
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/ > Outputof .. Neural
S previousblock Bias (__» Network

Layers/Gate
(a) (b)

© 2020 IEEE

Figure 6.1 (&) LSTM structure for Li -ion SOC estimator, (b) Long shortterm memory
cell details

Figure 6.1(a) shows the full NN model structure used to estimate the SOC from a
battery dataset, where Layer 1 is the LSTM layer with ten hidden units, and layer
two is composed of a feedforward netwasikucture, here referred as fully
connected (FC). The total of learnable parameters for this model structure is 571,

including weights and biaseghe LSTM layer structure, as showrFigure 6.1(b),
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where theLSTM layeris composed of input, output, and recurrent connections,
each with its own set of learnable parameters, as well as a memory cell (Ct), and
four gates responsibfer regulatinghow much of the current information should

be processed (it), pass through (gtbe stored in the memory (Ct), passed forward

to be used in the next time step (Ot), and which previestsised information

should be forgotten (fit)91].

6.3. Li-ion SOC estimation usingLSTM with transfer learning

Transfer learning is the transference of knowledge from a previously learned task
to a new task. Transfer learningpsrformed for battery SOC estimation by training
the NN model for one battery type and then training the model for another battery
type usng the previously trained network parameter values as a starting point.
Some of the NN | ayer parameter values may
from varying during the training process,
attain a new value dumnthe training process.

Anotherdefinition of TL is presenteith [192] where a Domai is defined
as a composition of feature spac& and a probability distributio®(X), where
X={ x _1,€é, okforagpecifi domainD={X,P (X)}. Then for a given source
domainD_Sand a learning task_§ a target domai®_T and learningaskT_T,
transfer learning aims to help improve the learnintheftarget predictive function

fT(.)in D_T using the knowledge frod_SandT_S whereD S D T, orT_&
T_T., orP_S(X)g P_T(X). As shown inTable 6.2, it is possible to classify TL to

three types based on the relation of domains and tasks.
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For this work, it is assumed that the feature spacand probability
distribution P(X) of different types of Liion batteries are different but related to
each other. Therefore, transductive transfer learning can be used in which the source
and target data are different but relatadd the source and target task (SOC

estimation) are the same as describebaible 6.2.

Table 6.2. Characteristics of traditional machine learning and the three types
of Transfer Learning

. . Source and Target Source and Target
Learning settings

Domains Tasks
Traditional ML Training The same The same
Inductive or | The same Different but related
Transfer learning | Unsupervised Different but related | Different but related
Transductive Different but related | The same
© 2020 IEEE

The differences between the-ibin batteries used in this study are summarized in

Figure 6.2(a) andFigure 6.2(b).
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Figure 6.2 Characteristics of tested batteries (a) Nominal capacity and DC resistan
at 50% SOC (b) Energy and power density

Through the use of transductive transfer learning, it is expected that during the
retraining processhe neural network will initially have higher performance (lower
error) and that it will reach lower with fewer training cycles and end up with an
overall lower error, as is illustrated kigure 6.3. This hypothesis will be tested in
section6.4, determining whether the expected bendfiteduced training time,

computing power, and training dataset size can be achieved.
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Figure 6.3 Example of neural network performance (SOC estimation accuracy)
improvement achieved with transfer learning
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The transfer learning approach implemented in this work is illustratéeyure

6.4, wherethesourddNi s i nitially trained with a
parameters in Layers 1 and 2 are then transferred to the Ng&he parameters

are updated when trainedtwh a di f ferent HABattery BO
a data of a different type of battery or just a reduced amount of data from the

ABattery A0 dataset.
6.4. Results and analysis

6.4.1. NN structure and training

As the focus of this work is to present the benefits of using transfer learning to
improve the SOC estimation process, only die structure and one set of
hyperparameters were selected and disedll casesas shown inrable 6.3. The
NN structure and hyperparameters do not necessarily achieve the highest accuracy
and computational efficiency, but they allow for consistent comparison across all
cases. The hyperparameters include the learning ratel{RRliyrop factorLR drop
period, as wll as the maximum epochs for training, minibatch size, and optimizer
type (ADAM). The battery data acquired and used as an input was battery terminal
voltage (V), current (1), and battery temperature (T). The battery arhpers (Ah)
calculated by the b&ery cycler during the data acquisition was used as a reference
to calculate the SOGbjective function during training

TheNN was implemented in Matlab version R2018b, which provides quick
prototyping and intuitive design &fN structures, and trainagsing two graphical

processing units (GPU), an NVIDIA Titan X Pascal and a GeForce GTX 1080 TI.
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The schematic of the test bench and data logging systesdto acquire the
SAM_T30,SAM_48G,LGHG2 datasetis shown inFigure 4.3, the PANASONIC

dataset is available {189]

Table 6.3. NN structure and hyperparameters

NN Structure Number ofParameters Hyperparameters
Sequential Input\(, I, T) - 1 Initial LR: 0.01
LSTM Input Weights =120 LR drop facFor 0.5
(10 hidden units) Rfacurrent Weights = 400 | LR drop period 100
Bias = 40 1 Max Epochs: 515
Fully Connected Input Weights = 10 1 Optimizer: ADAM
(1 hidden units) Bias=1 1 Dataset normalized

Clipped RELU (clipped on 1)
Regression output (SOC)

Total # ofparameters571
© 2020 IEEE

6.4.2. Experimental data collection anest cases
All of the battery datasets used in this work are listedable 6.1 and were
acquired using lab equipment like thatTable 4.2 and the setup described in
Figure 4.3. Before theNN training process, the battery test data was divided into
Training and Test datasets. The Training datasets consist of all of the available
Mixed drive cycles for each batterys hsted inTable 6.1, and the accompanying
charges (CC) for each mixed drive cycle. The Test dataset is the UDDS, LA92, and
USO06 profiles and the corresponding charges (CC). The objective is to evaluate the
SOC estimatorés ability to cdeaedtol v estim
dataset not used during trainifitP], so the estimator is always tested with the

independent Test data.
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The NN was then trained in four different ways. As a benchmarkNtde
was trained without transfer learning using the full training datasetescribed in
Case 1 offable 6.4. For the other casethe NN was initially trained with Source
data from a different battery type, then its learned parameters transferred to another
NN structure to be trained with the datarh the Target batterywhich will be used
to estimate SOC. The neural network was trained with different combinations of
Source and Target data to highlight the benefits of transfer learning for different
cases, as described in Case4 in Table 6.4. For cases 3 and 4, partial Training
datasets consisting of cycles MIX31(1,2, & 6 for the Samsung 48G) were used to

highlight the performance of the estimator when a smaller dataset |esbdeali

6.4.3. Case 1: Baseline SOC estimator with no transfer learning

The NN SOC estimator was first trained as a typical neural network would be,
without transfer learning. The training was continued for 515 epochs, which took
approximatelyl hour for each badty. Following the training, the Test dataset is
input to the network and the RMSBMAE, and Maximum error (Max) are
determined. For this test case, RMSE of 1.9 to 3.5% and max error of 10.1 to 19.9%
was observed, as shownTable 6.5.

Table 6.4. NN SOC Estimator casesinvestigated

TRANSFER TRAINING DATASETS
CASE | LEARNING Source Target TEST DATASET
No FULL -
1 One Cell Type UDDS, LA92, US06, CC
2 ves FULL FULL  Ubps, LAg2, usos, cc
One Cell Type
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Yes FULL PARTIAL
3 ‘ One Cell Type  (MIX 1-3) UDDS, LA92, US06, CC

4 Yes PARTIAL (MIX 1-3)  FULL UDDS, LA92, US06. CC
All Cell Types
© 2020 IEEE \

Table 6.5. Baseline SOQ esults without Transfer Learning -Case 1

BATTERY RMSE MAE MAX TRAINING TIME
PANASONIC 2.6 % 22% 10.1% 1 hour
LG_HG2 1.9% 1.3 % 13.1% 1 hour
SAM_48G 3.5% 25% 19.9% 1 hour
SAMT_30 2.3 % 1.6 % 14.3 % 1 hour
© 2020 IEEE

This error is rather high but is reasonable considering the small number of epochs
and relatively simple training structure. For the remaining test cases, all of which

use transfer learning, mudbwer error was observed, even when the network is

trained with a partial dataset.

6.4.4. Performance of SOC Estimator with Transfer Learning
Three transfer learning cases were investigated to demonstrate the different ways
in which transfer learning can be benifl. Each case is described, and the results

are summarized in the following subsections.

6.4.4.1. Case 2: FULL source (one cell type) and FULL
target datasets
For Case 2, the networks for each of the four battery types from Case 1 were used
as theSourcenetwork. Each network was then trained using transfer learning for
the other three battery types. In totalelve networks were trainethree for each
battery type, covering all combinations®durceandTargetdatasets. The RMSE

error for each test casvas compared to the error for Cas&dble 6.5, and then
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plotted inFigure 6.5 on the following page. The RMSE error for the networks
trained with TL is lower for all but one case and is substantially less for many cases.
For example RMSE was reduced by 64%or the case where the netwohnkas
initially beentrained for the LG_HG2Zhen transfer leaedto SAM_T30. Overall,

this demonstrates that for the same number of epochs of training, more accurate
SOC estimation will result when the network paramdievs already beetrained

fromanother battery

4.5% PANASONIC LG HG2 SAM _48G SAM 30T
40% ' .‘
3.5% m No Transfer Learning
§ 3.0% (Case 1)
— (¥
w Z'SUA’ m Transfer learning, full
S 2.0% target dataset (Case 2)
< 1.5%
1.0% Transfer learning, !
GISV partial target dataset
GIGU/D (case 3)
. 0
A% (C] < (:) Al < A <
& ,b @ é\gb 0@ E‘ G&‘O vc;0‘\\ o /(3 ‘5;0‘\\
A va‘ fa" c}‘ A ‘7“ A LF
Source Dataset
© 2020 IEEE

Figure 6.5 Transfer learning performance for FULL (Case 2) and PARTIAL (Case 3)
target datasets

The observed and predicted SOC and Sf3tination error is also shown for the
SAM_T30 battery in the time domain plot Figure 6.6. The error is quite low

(<4%) for both the drive cycles and the charging.

6.4.4.2. Case 3: FULL source (one cell type) and PARTIAL
target datasets
To investigate what performance canaohieved with a lesser amount of training
data, for Case,3he network with TL was trained with Target data consisting of

just three of the mixed drive cycles and accompanying charges. Improved accuracy
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compared to the no transfer learning case was\athier all but two of the training
scenarios, as shown with the grey bafSigure 6.5. This demonstrates that transfer
learning does reduce the number of training cycles required needed to achieve good

accuracy, confirming another hypothesis for the proposed transfer learetimgdn

6.4.4.3. Case 4: Partial source (all cell types) and FULL

target datasets

For the prior two transfer learning cases (Case 2 & 3), the network wasipez
with Source data from just one cell type. For this case, Case 4, the network is now
pretrained wih partial Source data consisting of three mixed drive cycles from

each of the four battery types.

52 -
w— Obs erved
Predicted
05} cC CcC
ubDS ‘ LA92 . USo6}
0 0.5 2 2.5
<10*

SOC(%)
o

0 i
1 1.5
Time(s)
© 2020 IEEE
(a) Observed versus predicted SOC

4

"
\
-2
0 0.5 1 1.5 2 25

Time(s) <10*

© 2020 IEEE
(b) SOC estimation error

N

(%)
o

Figure 6.6 Samsung T30 battery SOC estimation for Transfer
Learning from LG HG2 source data (Case 2)
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By using Source data from each battery type, the network is exposed to data from
a range of battery types and the netwpskameters are therefore assumed to be a
good starting point for the TL process. After training with TL for 515 epochs with
the Target data, the SOC estimator performed better for each of the battery types
as shown irFigure 6.7. The normalized RMSE is between %3 and 96% of that
achieved for the no TL case, and the improvement is in the same range achieved
for the Cases 2 & 3. It is therefore clear that training the network with TL and data
from multiple batteries isiseful but it is not necessarily more effectitiean

training with data from a single battery type.

Normalized RMSE (%)

PANASONIC LG_HG2 SAM_48G SAM_T30

B No Transfer Learning (Case 1)

B Transfer learning, source data from all battery types (Case 4)
© 2020 IEEE

Figure 6.7 Transfer learning performance for source network trained with partial
datasets from all battery types (Case 4)

6.4.5. Transferlearning compared to no transfer learning with
training for a greater number of epochs
It is common to train a neural network until the error asymptotes at a minimum
value. For Cases4, though, the network was trained for a fixed number of epochs

(515) to allow for easy comparison of cases with the same number of training
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iterations. For thitastcase, the network is instead trained without transfer learning
for a large number of epochs (5100), so the error reaches a minimum value. The
error achieved for 5100 epochs of training and no transfer learning is compared to
the error achieved for 515 egts of training with transfer learning Figure 6.8

for the Samsung T30 cell.

0% 1% 2% 3% 4% 5% 6% 7%

Error
m No transfer learning, 5100 epochs training (9 hours)

B With transfer learning, SAM 48G Source, 515 epochs training (1 hour)
With transfer learning, Panasonic Source, 515 epochs training (1 hour)

W With transfer learning, LG HG2 Source, 515 epochs training (1 hour)
© 2020 IEEE

Figure 6.8 SOC estimation performance for Samsung T30 cell with 5100 epochs
training and with transfer learning (Case 2)

The MAX, MAE, and RMSE are less for one of the transfer learning cases and
greater for the other twdhis denonstrates there is potential for transfer learning to
reduce training time and improve SOC estimation accuracy even when training is
continued for a long period, but the result is dependent cBdhecedata. A more
thorough analysis would be required to come to a definitive conc|usking into

consideration the result variation due ttee randornzed initial NN parameter

170



values which can lead todifferent local minima therefore, especially for

bentmarking purposes should be considered

6.5. Concluding remarks
A NN using theLSTM structure was implemented to estimate the SOC of four
different Li-ion battery types. Th&IN was first trained for each battery typé
estimatingSOC without transfer learning asbaselinecase. Transfer learning,
where the network is first trained wittata from another battery type and then
trained with data from the Target battery type, is then applied in several different
ways to investigate the potential benefits.was shown to result in improved SOC
estimation accuracy when the network is traingtth both full and partial Target
datasets (Case 2 & 3), demonstrating that not as much test data is required when
transfer learning is used. The network was also first trained with Source data from
all of the battery types, also resulting in improvednestion accuracy. Finally, it
was shown thafL with 515 epochs of trainingocld outperform 5100 epochs of
training withoutTL, but the improvement was only observed for one of three tested
cases. Overall, thehapterdemonstrates the promise of transfearning for
reducing training time, improving SOC estimation accuracy, and decreasing the
amount of required training datkor future work the random parameter initial
valueseffectdiscussed isections3.2.6and4.5, should beaken into consideration

to reinforce the aboveonclusion
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7. COMPARATIVE ANALYSIS OF RECURRENT AND NON -

RECURRENT DEEP NETWORKS FOR STATE-OF-CHARGE

ESTIMATION OVER A WIDE TEMPERATURE RANGE
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7.1.Introduction
As mentionedn previous chaptersherecent years increasing amount of data has
been generated daily due to the technological advancements and commercial
applications of connected devicesupled with the capacity to treat and create
useful models and information using Artificial Intelligence have reshaped the world
economy[7], [193]. In 2019 the daily amount of data generated by each connected
vehicle was four terabytes, but the total amount of data from all sources is expected
to be 44 zettabytes in 202®], which in turn forecasts to generate 750 billion
dollars by 203Q17]. Although this is only a small fraction when compared to the
15 trillion dollars that Al can add to the world economy by 208D Within this
scenariogeneralpurposetechnologiessuch as Alcan be applied to solve many
engineering problemsincluding SOC estimation.This chapter presents a
comprehensive comparison between two potemtidp learnirg approaches to

solveSOC estimation for the increasidgmandf electrified vehtles

7.2.Deep neural networks forSOC estimation
This section presents the two methods used to perform XEV SOC estimation: FNN
and LSTM based model3his chapter is organizebly initially presentingthe
design choicegollowed by the moels' final structuresand finalizing with the
description of the framework used to train and compare the maodedsbasic
concept ofeach of the modelling approaches discussed in this chaer w
previouslyintroduced in section8.2.1and3.2.5 The training stop conditiofor

both LSTM and FNN used in this work is based on the Validation Patience or the
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rate of improvement of the validation error; this will be discussed further in this

chapter

7.2.1. Feedforward neural network for xEV SOC estimation

To create anFNN-based model to estimate the xEV battery SOC, several

configurations of the model structure were investigated and listed below. For each

case configuration, the selection wassdzh on the lowest RMSE, and each

configuration was trained at least four éim

a)

b)

Four model configurations have been tested by varying the number of
hidden layerd from 1 to 10, and the number dearnable parameters
between 190, 600, and 29@nasedn the results presentedrigure 7.1,

the selected configuratipm a dotted circlewas the one witkwo hidden
layers and600 parameterss it presented the lowest RMSE aind
comparison to 1 hidden layesthiall hare lower computatioal complexity

due to lower number of layevath matching number of paramet¢?4]

Six different combinations of activation functidhtave been tested using
Tanh(3.3) and RELU(3.5) varying the number of hidden layers frdni

to =2, butall in cases maintaining the number of parameters at 600.

Differently from the LSTM models, the FNN does not have a memory cell
embedded in the model showed to be extremely relevant for SOC
estimation[13], [21], although a workaround is to create new model inputs

using a moving average filtg21], [22] or a Butterworth filter Both
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optionshave been thoroughly testasingequivalent filtering frequency
(5.0m Hz and 0.5m Hgz but the option with the Butterworth filter
presenteatonsiderablesrror reductionas shown irFigure 7.2. The use

of the Butterworth filtes is one of the main contributions of this chapter.

o1 Panasonic Number of

1% Leamable
20 Average RMS Error Lowest RMS Error parameters
5 3% f ) ]
& ( | |
2 e | | 190
> = T " 600
P | i

’ - 2900
0% L
1 2 5 10

# Hidden Layers

Figure 7.1 Number of hidden layers searcHor the FNN model structure. The dotted circle
shows theselectediwo hidden layers with 600parameters as the final model structure

5.0%
_ 4.0%
= 3.0%
5 Moving average
n 2.0% Al
é Butterworth
1.000 ! ! E i
+ov | o O T o I O i
-10°C 0°C 10°C 25°C -10°C Q°C 10°C 25°C -10°C 0°C 10°C 25°C
UDDS LA92 NN
(a)
50% ——
Moving average
4.0%

_Butterworth

e

MAX Error (%)
[§%)
=2

1.0%
0.0%
-10°C 0°C 10°C 25°C -10°C 0°C 10°C 25°C -10°C 0°C 10°C 25°C
UDDS LA92 NN

Figure 7.2 Comparison from the FNN usinga Butterworth filter and moving average (a)
RMS error (b) Maximum error.
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The selected finaFNN structure is shown ifigure 7.3, wherethe number of
hidden layers selected is | = 2, based on the best RMiBBtheButterworth filtes

at 0.5m Hz and 9m Hz The Butterworth filter frequencieswere empirically
selectedy increasing fron®.2m Hz(500 secondssimilar tothe moving average
filter usedin [22], to 0.5m Hz (2000 sec)The lower frequenccancapture longer
passed informatigrwhich turned to beelevant to improve the model accuracy.
This led to assume that bgplacing the transient voltagend curreninputs by
higher frequencfilteredinput, 5.0m Hzcouldas well improve the model accuracy
to capture shorter passed information

Therefore the final FNN inputs arerepresented by g= {3lg T 80 @
L goy @ T 04080 E o, gl Wheredgis the battery temperaturg, - g
and T o5.g terminal voltage filtered at 0.5m Hz and.0& Hz
respectively,k _ ,gand k ;_ ,gthe battery current filtered at 0.5m Hz and

5.0m Hz, respectivelyUsing Butterworth filters has significantly improved the
accuracy of the FNNas shown inFigure 7.2 and will be further discussed in
section7.5. Finally, the activation function selected was RE(3.6) in all hidden

layers.

176



o

4 Inputs Hidden Layers Output
4 Y
. =2 N

Filters |
(1%t order)

__________________________________h
vy
- ————’

-~

Figure 7.3 FNN model structure for xEV SOC estimation

7.2.2. Long short-term memory recurrent neural network for
XEV SOC estimation

The use of RNNnodelwith LSTM (LSTM-RNN), including some variations, has
shown promising result§22], [23], [137], [140] when applied to XEV SOC
estimation, being able to maintain good accuracy even at negative temperatures,
which impose more difficulty for the modf]. Another benefit provided by the
LSTM-based models is its internal states, which give the model the ability to better
cope with sudden inputs variations or interruptions. Later inctraptey it will be

further detailed and demonstrated in some examples
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Figure 7.4 LSTM-RNN Structure for xEV SOC estimation, formed by one LSTM layer
with N numbers of hidden-units, the input the matrix ; ={f};, &, f}; }, wherer; is the
battery terminal voltage, & the current, and ij; the battery temperature. The model
output is the estimated SOC represented by "E'Aat timestep k.

To estimate the SOC from a-lan battery dataset, the LSFRNN-based model
use as input the matrix g = {yg. 'z 3g} whereqgis the battey terminal
voltage, §the current, ané|gthe battery temperature. The model output is the
estimated SOC represented flyFgrat timestepk. shows the LSTMRNN
structure used in this work to estimate the battery SOC. The numbefdefr

units, HU, also showed iRigure 7.4, represents the number of neurons in each
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gate of the LSTM layer, which in turn is equivalent to the length of thghwei
vectors used in each gate, e.g. if HU equal do ten g {1g g g it means
thatsr +; the input weight vectdirom (3.12), has dimension (3x10).

The total number of parameters refers to the total number of weights and
biases considered within all the models' structures, and it will help to compose the
compari®n baseline between LSTRNN and FNN models through the rest of the

chapter

7.3. Neural network training framework
To have a consistent comparison framework, the same set of parameters and
resources listed ifiable 7.1 have been used to train both LSTIRNN and FNN
models. Despite listed ifable 7.1, the elationship between some of the parameters
may require further explanation about its roles in the training process. For example,
when setting the learning rate (LR) to 0.01, its value will change incrementally by
multiplying by theLearning rate drop factp0.85, at everyLearning rate drop
period, 2000 epochs, until the end of the training process. Another relevant
information regards to the Validation Patience paramé&@800 Epochswhich
links the training stop condition to the number of validation error checks that shows
no error reduction, g. if at epoch 1000 the validation RMSE is 0.90% the training
process will continue and automatically stop at epoch 13300 if the validation error
does not get lower than 0.90%. Therefore, the only condition to stop the training
process is if the validatiorrror stops decreasing for as long as the Validation

Patience permits.
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TABLE 7.1 Neural Networks training baseline characteristics

Initial learning rate 0.01

Learning rate drop period 2000 Epochs

Learning rate drop factor 0.85

Loss function optimizer ADAM

Number of Minibatches 1

Validation Patience 12300 Epochs

Number of Parameters Vary from 20 up to 2900

Training repetition Minimum of 4 times

Software platform Matlab 2019b

GPUs NVIDIA Titan X Pascal and GeForc
GTX 1080 TI

CPU Intel Core i73960 CPU@3.30GHz

Each training session is repeated at least four times to consider a possible variation
of the results due to different local minimasaddle point$13], [194], [195] The
selection of the initial values of the weights and bias are randomly distributed using
the Glorot initializef196] at the start of every traimg session, which can lead to

different local minima, as mentioned above.

7.4.Batteries and datasets
The datasets of two considerably distinctidn batteries, Panasonic and Turnigy,
have been chosen to train and validate several FNN and LHSYN models to
estimate the batteries’ SOC. As presentetlaible 7.2, the Panasonic has higher
energy density than the Turnigy, although Turnigy has four times th#ispewer
of the Panasonic, which is also reflected in the batteries' normalized resi$tace.
intention of using these two batteries is to intrinsically test the capabilities of the

two modelling approaches to perform on very different batteries.
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Table 7.2 Li-ion batteries characteristics

Battery Panasonic Turnigy

Model 18650PF Graphene 65C
Format Cylindrical Pouch
Chemistry NCA NCA*or NMC*
Rated Capacity 2.9 Ah 5.0 Ah
NormalizedResistance 104 mgAh 14 mqAh
Specific Power 1.7 kWikg 7.3 kWikg
Specific Energy 207 Wh/kg 134 Wh/kg
Energy Density 577 Whll 329 Wh/l

*This is was not informed by the manufacturer, but an assumption made |
authors

The batterieds datasets were aclghei red usin
7.3following a series of data profiles calculated from an xEV, including automotive

standard drive cycles UDDS, US06, LA92, HW. Each battery was placed in a

climate chamber where the ambient temperature was varied-ram C t o 25 C,
and he voltage, current, battery temperature, and Ampetg were logged at 10

Hz. These data were then cleanedncatenated and normalized following the

sequence from which the data were acquired. Then the data were split into Training

and Testing dataset$he testing dataset is not used to update the weights and

biases; therefore, it is used to validate the models' capability to generalize, hence

been able to perform well when submitted to unknown data. All the results
presented in this work are based ba error calculated from the Testing dataset.

Thetest and training data pointsstributionfor both batteriesised in this chapter

is similar tothe LG_HG2 dataset, presentadrigure 4.4, where the test dataset

accouns for approximatelyonethird of all the data available.
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Table 7.3 Battery datasets and lab equipment

Battery Datasets Panasonic Turnigy

Training Mix 1 to 4, HW, and US06 Mix 1 to 8, US06
Testing UDDS, LA92, NN UDDS, HW, LA92
Temperatures -10 C, 0o C, 10 10 C, 0 C, 10
Cycler manufacturer Digatron firing circuits Digatron firing circuits
Test channel 25 A, 018 V channel 75 A, 05 V channel
Data acquisition 10 Hz 10 Hz

Accuracy +0.1% full scale +0.1% full scale
Thermal chamber Cincinatti subzero ZP8 Envirotronics

Size 8 cu. Ft. 8 cu. Ft.

Accuracy - No.5 UC

7.5.Results and analysis

Several hundreds of FNN and LSTRNN models have been trained and tested
using both Panasonic and Turnigy datasets, which in turn have required thousands
of uninterrupted hours of computingsources. The most relevant results are
presented in this section to support the following analysis and conclusions.

The LSTMRNN has an inherent advantage in comparison to the FNN due
to its capability to take contextual data to estimate its outputhmmakes it a
compelling choice for speech recognition and natural language procgsbkijg
This capability is directly related to its memory cell and LSTM layer internal gated
configuration, which enables the use of data directly measured from the battery into
the model showing high SOC estimation accuracy evemnvexposed to negative
temperaturesl'o match the accuracy provided by the LSRWN, a large portion
of the effort to produce the results presented in this section was directed to the

improvement of the FNN model, as described in previous sections.
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ACCURACY VS # PARAMETERS
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Figure 7.5 FNN and LSTM model accuracy versusthe total number of parameters. The
accuracy is calculated based on the validation dataset average RNE&Or .

After establishing the final structure of the FNN arf8TM-RNN presented in
Figure 7.3 andFigure 7.4, each model was trained at led&str times by varying

the total number oparameters from 20 to 2900 to understand the influence of
widening the model with more learnable parametémgire 7.5 shows the trend of
accuracy versus the number of parameters in a logarithmic scale. The accuracy is
calculated based on the average RMSE of the validation dataset SOC estimation. It
is possibé to observe that the improvement of accuracy has a diminishing return as
the number of parameters increases. The accuracy of the models with 600

parameters and 2900 are similar.
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Figure 7.6 FNN and LSTM-RNN Errors plots from Turnigy LA92at -1 0 C wi t h
600, and (c) 2900 parameters.

Figure 7.6 showsRMSE results from FNN, and LSTIRNN SOC estimation case,

picked from the Turnigy LA92att 0 C wi t h 90, 600, and 2900
both FNN and LSTMRNN, the increase in the number pdrameters shows

diminishing returns, especially for the FNMWhe training and testing framework

established and presented saction7.3 has been used to compute the results

presented irFigure 7.7, where it shows theesult of each trial and theveragd
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