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Streszczenie

Niniejsza rozprawa doktorska pt. ,,Modelowanie procesu zuzycia ogniw litowo-jonowych
z uwzglednieniem dynamicznie zmiennego obcigzenia” ztozona jest w formie monotematycznego
cyklu oryginalnych artykutdow naukowych sktadajacego si¢ z trzech publikacji. W rozprawie
przedstawiono nowe metody modelowania procesu zuzycia ogniw typu NMC 18650
z wykorzystaniem systemow majacych zdolnos¢ uogolniania wiedzy, takich jak logika rozmyta oraz
metod uczenia maszynowego z nadzorem. W pracy Burzynski D., Pietracho R., Kasprzyk L.,
Tomczewski A., ,,Analysis and Modeling of the Wear-Out Process of a Lithium-Nickel-Manganese-
Cobalt Cell during Cycling Operation under Constant Load Conditions” badano wptyw wybranych
parametréw pracy na liczbe cykli, ktore moze wykona¢ ogniwo zanim osiggnie zatozony wskaznik
zuzycia. Na podstawie przeprowadzonych analiz i uzyskanych wynikow zaproponowano nowy typ
funkcji odwzorowujacej wptyw temperatury otoczenia na liczbe cykli pracy ogniwa. Przedstawiono
koncepcje¢ modelu rozmytego typu Mamdaniego umozliwiajacego wyznaczenie stanu zuzycia
ogniwa. W artykule Burzynski D., Kasprzyk L., ,,A novel method for the modeling of the state of
health of lithium-ion cells using machine learning for practical applications” opisano wyniki badan
trwatos$ci ogniw prowadzonych w dwoch aspektach. Pierwszy dotyczyt badania i analizy wptywu
poszczegbdlnych parametréw pracy cyklicznej na szybkos$¢ zuzycia ogniwa w statych warunkach
obcigzeniowych. Wykazano, iz proces zuzycia ogniw charakteryzuje si¢ wysoka zmienno$cig
w zaleznosci od wartosci parametrow pracy cyklicznej (przede wszystkim dotychczasowego stanu
zuzycia ogniwa). Na podstawie szczegdtowych analiz opracowano autorski, wieloparametryczny
model predykcji szybkosci zuzycia ogniwa, uwzgledniajacy jego dotychczasowe zuzycie. Drugi
aspekt zwigzany byl z weryfikacja modelu podczas dynamicznie zmiennego obcigzenia
(generowanego w sposob losowy), w zatlozonym okresie eksploatacji. Wykazano wysoka
skuteczno$¢ zaproponowanego modelu. W publikacji Burzynski D., ,,Useful Energy Prediction
Model of a Lithium-ion Cell Operating at Various Duty Cycles” zaj¢to si¢ zagadnieniem predykcji
relatywnej energii uzytecznej (RUEc), ktora ogniwo moze wymieni¢ w trakcie petnego cyklu pracy,
podczas catego okresu eksploatacji. Skutkiem przeprowadzonych analiz byta migdzy innymi
identyfikacja trzech wzorcow dynamiki zmian dostgpnej energii dla ogniw pracujacych w roéznych
warunkach obcigzeniowych i temperaturowych. Opracowano nowy model uczenia maszynowego
z nadzorem, umozliwiajacy predykcje relatywnej energii uzytecznej, a nastepnie udowodniono jego
wysoka doktadnos¢. W celu wyznaczenia istotnosci poszczegolnych parametrow modelu oraz ich
iloSciowego wpltywu na uzyskane wyniki, zastosowano techniki wyjasnialnego uczenia
maszynowego (metode istotnosci zmiennych oraz zakumulowanych efektow lokalnych pierwszego
i drugiego rzedu). We wszystkich wymienionych artykutach szczegdétowo opisano procedure
eksperymentalng oraz proponowane oryginalne metody modelowania, wykorzystujace wyniki
przeprowadzonych przez autora badan i analiz naukowych, a takze udowodniono ich skutecznos$c¢.

Do rozprawy doktorskiej dotgczono autoreferat sktadajacy si¢ z sze$¢ rozdziatow.
W rozdziale 1 i 2 przedstawiono wyksztatcenie doktoranta oraz informacje o jego dotychczasowym
zatrudnieniu w jednostkach naukowych. W rozdziale 3 zawarto szczegotowy opis artykutow
naukowych wchodzacych w sktad rozprawy doktorskiej. Podsumowanie catej dziatalnosci naukowo-
badawczej wraz z informacjami o cytowalnosci publikacji Autora zawarto w rozdziale 4.
W rozdziale 5 przedstawiono dziatalno$¢ dydaktyczng doktoranta. Pozostate informacje istotne
z punktu widzenia kariery naukowej doktoranta przedstawiono w rozdziale 6.



Abstract

This dissertation entitled ,,Modeling the degradation process of lithium-ion cells, taking into
account dynamically variable load” is submitted as a monothematic series of original scientific
articles consisting of three publications. This thesis presents new techniques for modeling the
degradation process of 18650 NMC cells using methods that have knowledge generalization ability,
such as fuzzy logic and supervised machine learning methods. In the paper Burzynski D., Pietracho
R., Kasprzyk L., Tomczewski A., ,,Analysis and Modeling of the Wear-Out Process of a Lithium-
Nickel-Manganese-Cobalt Cell during Cycling Operation under Constant Load Conditions” the
effect of selected operating parameters on the number of cycles a cell can complete before it reaches
its degradation rate was studied. On the basis of conducted analyses and obtained results, a new type
of function mapping the ambient temperature influence on the number of cell operating cycles was
proposed. The concept of fuzzy model of Mamdani type enabling determination of cell state of health
was presented. The article Burzynski D., Kasprzyk L., ,,A novel method for the modeling of the state
of health of lithium-ion cells using machine learning for practical applications” describes the result
of cell life studies conducted in two aspects. The first concerned the study and analysis of the
influence of individual parameters of cyclic operation on the rate of cell degradation under constant
load conditions. It was shown that the process of cell degradation is characterized by high variability
depending on the value of parameters of cyclic operation (cell actual state of health). On the basis of
detailed analyses an authorial, multi-parametric model of cell degradation rate prediction was
developed, taking into account its actual state of health. The second aspect was connected with
verification of the model during dynamically varying load (randomly generated), in the assumed
operation period. High efficiency of the proposed model was demonstrated. The paper Burzynski D.,
,Useful Energy Prediction Model of a Lithium-ion Cell Operating at Various Duty Cycles” addresses
the issue of predicting the relative useful energy (RUEc) that cell can transfer during a full duty cycle,
over its lifetime. The analyses resulted, among other things, in the identification of three patterns of
dynamics of changes in available useful energy for cells operating under different load and
temperature conditions. A new supervised machine learning model for the prediction of relative
useful energy was developed and its high accuracy was proven. Explainable machine learning
techniques (variable importance method and first- and second-order accumulated local effects) were
used to determine the significance of individual model parameters and their quantitative impact on
the results obtained. In all the mentioned articles, the experimental procedure and the proposed
original modeling methods are described in detail, using the results of the author’s scientific research
and analysis, and their effectiveness is proven.

The dissertation as accompanied by an autoreference consisting of six chapters. Chapters
1 and 2 present the doctoral student’s educational background and information about his previous
employment in scientific institutions. Chapter 3 contains a detailed description of the scientific
articles included in the dissertation. The summary of the whole scientific and research activity
together with the information about citation rate of the author’s publications is contained in
Chapter 4. Chapter 5 presents the didactic activity of the doctoral student. Other information relevant
to the scientific career of the doctoral student is presented in Chapter 6.
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3. Rozprawa doktorska
3.1. Tytul rozprawy doktorskiej

Modelowanie procesu zuzycia ogniw litowo-jonowych z uwzglednieniem dynamicznie zmiennego
obcigzenia.

3.2. Cel rozprawy doktorskiej

Celem rozprawy doktorskiej jest opracowanie nowych, efektywnych metod wyznaczania
parametroOw wykorzystywanych do okreslania zuzycia ogniw litowo-jonowych w warunkach
dynamicznie zmiennego obcigzenia. Opracowane metody, uwzgledniajgc dodatkowo ich
dotychczasowe zuzycie, majg umozliwi¢ wyznaczenie stopnia zuzycia ogniw z doktadnoscia
wigkszg niz stosowane obecnie.

3.3. Wykaz powigzanych tematycznie publikacji wchodzacych w sklad rozprawy
doktorskiej

[DB-1] Burzynski D., Pietracho R., Kasprzyk L., Tomczewski A., ,,Analysis and Modeling of the
Wear-Out Process of a Lithium-Nickel-Manganese-Cobalt Cell during Cycling Operation
under Constant Load Conditions”, Energies 2019, 12(20), 3899
(140 pkt. MNiSW; IF = 2,702).

Udziat procentowy:

Burzynski D. 64%
Pietracho R. 16%
Kasprzyk L. 12%
Tomczewski A. 8%

[DB-2] Burzynski D., Kasprzyk L., ,,A novel method for the modeling of the state of health of
lithium-ion cells using machine learning for practical applications”, Knowledge-Based
Systems 219, 11 May 2021, 106900.

(200 pkt. MEIN; IF = 8,038).
Udzial procentowy:

Burzynski D. 90%
Kasprzyk L. 10%

[DB-3] Burzynski D., ,,Useful energy prediction model of a Lithium-ion cell operating at various
duty cycles”, Eksploatacja i Niezawodno$§¢ — Maintenance and Reliability 2022, 24 (2):
317-328
(140 pkt. MEIN; IF = 2,176).



3.4. Oméwienie problemu naukowego oraz opis publikacji wchodzacych w sklad
rozprawy doktorskiej

3.4.1. Wprowadzenie i uzasadnienie wyboru podjetej tematyki

Jednym z celow europejskiej polityki klimatycznej do roku 2030 jest ograniczenie emisji
gazow cieplarnianych 0 co najmniej 40% w stosunku do roku 1990. Wedtug Europejskiej Agencji
Srodowiska jednym z najwickszych zrédel emisji gazow cieplarnianych do atmosfery jest sektor
gospodarki zwigzany z transportem [1]. Jest on odpowiedzialny za ponad 25% emisji na obszarze
krajow nalezacych do Unii Europejskiej. Znaczna czgs¢ tych gazow — okoto 70% — pochodzi
z transportu samochodowego. Aby ograniczy¢ ich emisje producenci pojazdéw o0sobowych,
cigzarowych, a nawet $rodkéw transportu indywidualnego, w ostatnich kilkunastu latach
inwestujg oraz wdrazajg elektryczne uktady napgedowe, ktore najczesciej zasilane sg przez pakiety
ogniw elektrochemicznych. Akumulatory elektrochemiczne majg takze szerokie zastosowania
w przemysle energetycznym jako stacjonarne magazyny energii. Sg one réwniez najczgsciej
stosowanym magazynem energii wspoipracujagcym z systemami wytwarzajagcymi energi¢ ze
zrodet odnawialnych. Co wigcej, obecne pakiety zlozone z ogniw litowo-jonowych sg
powszechnie stosowane do zasilania mobilnych urzadzen elektronicznych codziennego
uzytku [2].

Pierwszym wtornym ogniwem elektrochemicznym byt akumulator kwasowo-otowiowy
(wynaleziony juz ponad 150 lat temu), jednak na przestrzeni ostatnich lat zauwazy¢ mozna
stopniowe ich wypieranie przez ogniwa litowo-jonowe, ktore cechuja si¢ lepszymi parametrami
uzytkowymi. Obecnie pojawia si¢ wiele technologii akumulatorow litowych, ktorych
charakterystyka pracy i ograniczenia eksploatacyjne réznig si¢ od siebie (rézne gestosci energii,
mocy oraz trwato§¢, zakres dopuszczalnych pradow, napie¢ 1 temperatur pracy) [3].
Niezachowanie warunkow eksploatacyjnych prowadzi do spadku trwatosci, a w skrajnych
sytuacjach moze spowodowa¢ nawet pozar. Dlatego coraz wazniejsza staje si¢ analiza
(nadzorowanie) ich funkcjonowania oraz modelowanie pracy i predykcja trwatosci. Nalezy
podkreslic, ze w przypadku systemow zasilanych z ogniw litowo-jonowych, np. pojazdéw
elektrycznych, koszt akumulatoro6w stanowi niemal potowg naktadow inwestycyjnych, co
sprawia, ze ich trwalo$¢ jest jednym z najwazniejszych aspektow projektowania i zarzadzania
praca.

Z tego powodu Autor w 2015 roku rozpoczat badania nad zagadnieniem modelowania ogniw
elektrochemicznych. Wyniki pierwszych analiz Autor przedstawit w pracach [DB-6 — DB-10,
DB-14, DB-16 — DB-20]. Prowadzone wowczas badania oraz analiza obecnego stanu wiedzy
wykazata, ze dotychczas nie opracowano wystarczajagco doktadnych modeli umozliwiajacych
przewidywanie procesu zuzycia ogniw w catym okresie ich eksploatacji, szczegoélnie podczas
dynamicznie zmiennego obcigzenia [4-9]. W wielu pracach przedstawiane jest podejscie
uproszczone, a proponowane modele procesu zuzycia nie uwzgledniajg istotnych parametréw
pracy cyklicznej lub wplyw tych parametrow jest uwzgledniony w waskim zakresie zmiennos$ci
[7,10-14]. Sg to glowne powody, dla ktorych opracowanie nowych, efektywnych modeli,
umozliwiajagcych przewidywanie stopnia zuzycia akumulatoréw w roéznych warunkach
eksploatacyjnych jest obecnie bardzo istotne i czesto podejmowane w wielu osrodkach
badawczych na catym §wiecie [15-20]. Zagadnienie to stanowi wazny i nierozwigzany problem
naukowy.



W zwiazku z wystepowaniem luki wiedzy w zakresie metod modelowania trwatosci ogniw,
celem rozprawy doktorskiej jest opracowanie nowych, efektywnych metod wyznaczania
parametrOw wykorzystywanych do okreSlania zuzycia ogniw litowo-jonowych w warunkach
dynamicznie zmiennego obcigzenia. Opracowane metody, uwzgledniajac dodatkowo ich
dotychczasowe zuzycie, maja umozliwi¢ wyznaczenie stopnia zuzycia ogniw z doktadno$cia
wigkszg niz stosowane obecnie.

Przedstawiony cykl monotematycznych publikacji obejmuje podjeta tematyke,
a wykonane przez Autora badania eksperymentalne, analizy oraz opracowane oryginalne metody
modelowania doprowadzity do rozwigzania opisanego problemu naukowego.

3.4.2. Modelowanie procesu zuzycia ogniw litowo-jonowych

Degradacja ogniw litowo-jonowych jest niezwykle ztozonym zagadnieniem, wynikajacym ze
zjawisk starzeniowych zachodzacych w calym obszarze ogniwa: na katodzie, anodzie,
w obszarze styku elektrod z elektrolitem, w elektrolicie oraz separatorze. Jednak w $wiatowej
literaturze naukowej udowodniono, ze decydujacy wplyw na proces zuzycia ogniw majg zjawiska
elektrochemiczne zachodzace w obszarze elektrod oraz w warstwie ich styku z elektrolitem
[21-25]. Sa to zjawiska polegajace na wzroscie i ewolucji warstwy pasywnej, osadzaniu sig
czastek metalu oraz korozji elektrod. Prowadza one do utraty masy czynnej elektrod
i w konsekwencji do destabilizacji procesow interkalacji i deinterkalacji jonow litu [26]. Sposrod
innych zjawisk, mogacych mie¢ wptyw na proces zuzycia, nalezy wymieni¢ takie zjawiska jak
rozktad elektrolitu, plastycznego odksztalcenia separatora oraz gazowania czgstek. Zjawiska
starzeniowe obejmuja ogniwa zardbwno w stanie bezobcigzeniowym (tzw. zuzycie kalendarzowe),
jak 1 podczas pracy cyklicznej (potcykli tadowania i roztadowania). Szybkos¢ tych zjawisk jest
zalezna od parametréw potcykli pracy ogniwa. Skutkuje to wzrostem rezystancji wewngtrznej
oraz zmniegjszeniem pojemnosci ogniwa, cO W rezultacie prowadzi do utraty zdolnosci ogniwa do
gromadzenia i oddawania tadunku, a w konsekwencji ograniczenia gestosci mocy i energii.

Stan zuzycia ogniw elektrochemicznych wyrazany jest za pomocg parametru SOH (ang. State
of Health), ktory jest wskaznikiem okreslajacym aktualng pojemno$¢ ogniwa w poroéwnaniu
Z pojemnos$ciag nowego ogniwa (zaleznos¢ 1). Zalezno$¢ ta byta wykorzystana we wszystkich
pracach wchodzacych w sktad rozprawy doktorskie;.

SOH = CC:—I :100% (1)

new

gdzie: Cact — aktualna pojemno$¢ ogniwa, Cnew — pojemnos¢ nowego ogniwa.

Do wyznaczenia SOH, zamiast pojemnosci, moga by¢ rowniez wykorzystywane takie
parametry jak: rezystancja wewnetrzna, ilos¢ wymienionego tadunku lub energii, a takze czas
eksploatacji ogniwa. Dla nowych ogniw parametr SOH wynosi 100%, natomiast wartos¢ SOH, po
osiggnigciu ktorej ogniwo jest uznawane za zuzyte, zalezy od obszaru zastosowania, lecz
najczesciej przyjmuje si¢ 80% [27-31].

W zagadnieniach zwigzanych z modelowaniem procesu zuzycia ogniw w stanach
dynamicznie zmiennego obcigzenia nalezy uwzgledni¢ parametry ogniwa w czasie tadowania
oraz rozladowania, do ktorych zalicza si¢ przede wszystkim: temperature otoczenia lub
temperature¢ ogniwa, prad tadowania 1 rozladowania, napigcie ogniwa lub glebokosé
roztadowania, $redni stan natadowania oraz aktualny stan zuzycia ogniwa [32—-33]. Analizowana
jest zmienno$¢ dostgpnej mocy, energii i pojemnosci w funkcji liczby wykonanych cykli pracy
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lub ilosci wymienionego tadunku. Nalezy takze podkresli¢, ze niektore parametry pracy
cyklicznej sg ze sobg skorelowane i charakteryzujg si¢ nieliniowym i trudnym do identyfikacji
wplywem na zuzycie ogniw. Z tego powodu najwicksza trudnoscig w modelowaniu procesu
zuzycia jest badanie ogniw w sposdb umozliwiajacy selektywng analize wptywu parametrow
pracy na trwalos¢ oraz predykcja punktow przegieé, po ktorych nastgpuje przyspieszenie lub
zwolnienie procesu zuzycia ogniw [33-34].

Na przestrzeni ostatnich kilkudziesigciu lat rozwinigto wiele metod modelowania procesu
zuzycia ogniw litowo-jonowych. Sposérod nich wyrdzni¢ mozna dwa podejscia: fizykochemiczne
oraz empiryczne. Modele fizykochemiczne polegaja na opisie wplywu wybranych parametréw na
procesy starzeniowe za pomocg zaleznosci fizycznych 1 chemicznych. Umozliwiajg one
stosunkowo doktadne wyznaczenie przebiegu zjawisk elektrochemicznych prowadzacych do
degradacji w kazdej czgéci ogniwa (modele dwuwymiarowe i trojwymiarowe), jednak
identyfikacja ich parametrow jest bardzo zlozona I wymagajg one zaawansowanych metod
obliczeniowych [33,35-37]. Z tego powodu sg one czasochtonne i rzadko stosowane. Natomiast
metody empiryczne polegaja na wyznaczaniu parametrOw ogniw na podstawie danych
uzyskanych z procedur eksperymentalnych, bez koniecznosci analizy ztozonych procesow
elektrochemicznych. W rezultacie sg one czgsciej stosowane W zastosowaniach inzynierskich.

Sposrod technik modelowania stanu zuzycia ogniw, nalezacych do grupy empirycznych,
wyrdzni¢ mozna podejscie multiplikatywne. W tych modelach na podstawie wykonanych badan
doswiadczalnych okreslany jest typ funkcji odwzorowujacej wptyw poszczegodlnych parametrow
pracy cyklicznej (przy zachowaniu stalych wartosci pozostatych parametrow) na SOH ogniwa
[4,16,19,38-39]. Przyktadem takiego modelu jest funkcja opisana ogdélnym rownaniem:

SOH (T,I,,1,,DOD) = f(T)- f(l,)- f(l,)- f (DOD) )

gdzie: f(T) — funkcja opisujaca wptyw temperatury, f(la) — funkcja opisujaca wptyw pradu
roztadowania, f(lcn) — funkcja opisujaca wptyw pradu tadowania, f(DoD) — funkcja opisujaca
wplyw glebokosci roztadowania.

Kolejnymi empirycznymi metodami modelowania procesu zuzycia ogniw litowo-jonowych
podczas ich eksploatacji sa metody uogolniajace wiedze. Do grupy tej zalicza si¢ takie metody jak
np. sieci neuronowe, systemy rozmyte, systemy szare, sieci bayesowskie, metody uczenia
maszynowego, metody glebokiego uczenia, a takze bazujace na nich metody hybrydowe
[34,40-57]. Gtownag zaleta powyzszych technik w pordwnaniu z modelami fizykochemicznymi
jest brak konieczno$ci analizowania zlozonych zjawisk elektrochemicznych oraz szybkos¢
uzyskiwania wynikow (otrzymywana po fazie wstepnego uczenia modelu), co jest bardzo istotne
w wielu rozwigzaniach praktycznych.

3.4.3. Badania eksperymentalne

Proces zuzycia ogniw litowo-jonowych przebiega powoli (niekiedy kilka lat) i zalezy od
wielu parametrow. Dlatego w celu pozyskania danych zwigzanych ze zuzyciem ogniw podczas
pracy cyklicznej (w réznych warunkach obcigzeniowych i1 temperaturowych) zaplanowano
I przeprowadzono wieloletnie badania, podczas ktorych analizowano wptyw réznych parametrow
na wlasciwosci ogniw w catym okresie eksploatacji (od SOH = 100% do SOH = 80%). Do badan
wybrano komercyjne cylindryczne ogniwo litowo-niklowo-manganowo-kobaltowe (NMC)
Samsung ICR 18650-26H (z grafitowa anoda) o napigciu znamionowym réwnym U, = 3,63 V
i pojemno$ci znamionowej rownej Cn=2,6 Ah. Minimalne i maksymalne napigcie ogniwa
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wynosi odpowiednio 2,75V i 4,20 V (wedlug danych katalogowych [58]). Do realizacji badan
starzeniowych opracowano algorytm postgpowania zaprezentowany na rys. 1. Kazde z ogniw
zostalo poddane pracy cyklicznej w unikalnych warunkach temperaturowych i obcigzeniowych.
Podczas badan do utrzymania stalej temperatury otoczenia wykorzystano komore temperaturowa
Panasonic MIR-254. Zakres temperatur otoczenia w jakich badano ogniwa zawierat sig
w przedziale od 5°C do 40°C. Podczas testow rejestrowano chwilowe temperatury ogniw za
pomoca sond Pt100 umieszczonych w centralnym punkcie ogniw. Do realizacji poétcykli
tadowania i roztadowania wykorzystano aparatur¢ dedykowang do ogniw elektrochemicznych
(Pulsar 3, Pulsar 3+ oraz Cadex C8000).

Start: wyznaczenie Cpe,
wedtug procedury kontrolnej

v

( Praca cykliczna

Péteykl tadowania zgodnyz
procedura CC-CV

v <

Poteykl roztadowaniazgodny z
procedura CC

N J

v

tertdowania =48h

Sprawdzenie SOH: wyznaczenie
Cae wedlug procedury
kontrolnej

v

SOH=80%

Nie

Tak
[ Stop: osiagnigcie kryterium ]

Zuzycla ogniwa

Rys. 1. Algorytm postepowania przyjety podczas realizacji wariantow starzeniowych.

Potcykle tadowania realizowane byty wedlug standardowej procedury staty prad — state napigcie
(CC-CV ang. constant current — constant voltage), natomiast potcykle roztadowania stalym
pradem (CC). Wartosci pragdow tadowania (podczas fazy CC) dobierano z zakresu od 1,3 A do
7,8 A, natomiast pradow roztadowania od 2,6 A do 10,4 A. Glgbokos¢ roztadowania (DoD)
dobierana byla z zakresu od 16% do 100%, przy zatozeniu, ze DoD =100% oznacza
roztadowanie od napiecia 4,20 V (ogniwo w pelni natadowane) do 2,75 V (ogniwo roztadowane).
Podczas pracy cyklicznej czas przerwy migdzy potcyklami tadowania i roztadowania byl staty
1 wynosit 15 s. Warto$ci pradéw mierzone byty z rozdzielczo$cig 0,001 A. Napigcie na zaciskach
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ogniwa mierzone bylo za pomocg osobnych przewodow z rozdzielczoscig +0,001 V, a dla
pomiaru temperatury otoczenia oraz ogniwa wynosita ona +0,1°C. Do akwizycji danych
wykorzystano wielokanatowy rejestrator Graphtec midiLogger GL840. Widok stanowiska
badawczego przedstawiono na rys. 2. Procedure¢ eksperymentalng poprzedzito przygotowanie
stanowiska badawczego oraz planowanie eksperymentu i konfiguracja aparatury badawczej.
Czynnosci przygotowawcze trwaty 12 miesiecy. Nastepnie nieprzerwanie przez okres 5 lat
prowadzono badania eksperymentalne, w trakcie ktorych przebadano tgcznie 104 ogniwa typu
NMC. Sprawdzenie aktualnego stanu zuzycia ogniw wykonywane bylo co dwie doby
z wykorzystaniem procedury kontrolnej (rys. 3) oraz zaleznosci (1).

o

.
LW Pulsar 3 i Pulsar 3+

Rys. 2. Widok stanowiska badawczego do testow starzeniowych.

Procedura kontrolna: wyznaczenie C,.;

1. Przerwanie aktualnie realizowanego wariantu starzeniowego po
zakoficzeniu poélcyklu roztadowania

2. Doprowadzenie temperatury ogniwa do wartosci rownej 25 C

. Ladowanie ogniwa stalym pradem (CC) 1.3 A do napiecia 4,2 V,

nastepnie stalym napieciem (CV) az do osiggnigcia pradu 0,065 A

4. 15-sekundowa przerwa

Rozladowanie ogniwa pradem 2.6 A (CC) do napigcia 2,75 V

6. Obliczenie pojemnosci ogniwa na podstawie oddanego ladunku
(metoda Coulomb counting)

%)

h

Rys. 3. Algorytm postepowania przyjety do wyznaczenia aktualnej pojemnosci ogniw.

We wszystkich pracach wchodzacych w sktad rozprawy doktorskiej wykorzystano wyniki
badan doswiadczalnych uzyskanych zgodnie z procedurami opisanymi w niniejszym rozdziale.
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3.4.4. Omoéwienie osiagnietych wynikow

W wigkszosci artykulow naukowych panuje zgodnos$¢ na temat parametrow pracy cyklicznej
wplywajgcych na proces zuzycia ogniw litowo-jonowych, nie ma jej jednak w zakresie ich stopnia
oddziatywania. W wielu proponowanych w literaturze §wiatowej modelach pomijane sg niektore
parametry pracy cyklicznej. W bardziej zaawansowanych uwzglednia si¢ wigkszos¢ parametrow,
ale czesto pomija si¢ ich zmiennosé¢ (usrednia) lub uwzglednia w niewielkim zakresie, co sprawia,
ze uzytecznos¢ tych modeli jest ograniczona. Z tego powodu Autor rozpoczat prace badawcze od
analizy wplywu wybranych parametrow pracy cyklicznej (temperatury otoczenia, pradu
roztadowania oraz glebokosci roztadowania) na liczbe cykli pracy, jakie moze wykona¢ ogniwo
NMC do osiggniecia stanu zuzycia SOH = 80%. Opis badan i wyniki analiz Autor zaprezentowat
w artykule [DB-1]. Uzyskane wyniki badan starzeniowych przedstawiono w tabeli 1. W celu
zbadania wplywu temperatury otoczenia wykorzystano warianty, w ktorych wartosci pradu
roztadowania i glebokosci roztadowania byly jednakowe. Na podstawie uzyskanych wynikow
Autor zaproponowat, aby wplyw temperatury otoczenia na liczbe cykli ogniwa odwzorowywacé za
pomoca funkcji Gaussa (rys.4), opisanej zaleznoscig (3). Zaleta zaproponowanej funkcji
w stosunku do najczesciej stosowanych rozwigzan w postaci wielomianow (stopnia drugiego lub
wyzszego) lub zalezno$ci Arrheniusa jest wigksza doktadnos¢ w szerokim zakresie zmian
temperatury.

T-b\?
/)

N(T)=a- e{[c 3)

gdzie: N — liczba cykli, T — temperatura otoczenia, a, b, ¢ — wspotczynniki modelu.

Tabela 1. Uzyskane wyniki z testow starzeniowych.

Temperatura Prad Glebokos¢ | Wykonana
Lp. | otoczenia | roztadowania | roztadowania | liczba cykli
C] [A] [%] []

1 25 2,6 100 1800
2 25 52 100 1070
3 25 7,8 100 580
4 25 10,5 100 410
5 15 2,6 100 595
6 15 52 100 180
7 15 52 50 1075
8 15 7,8 100 1300
9 40 2,6 100 1170
10 40 5,2 100 678
11 40 7,8 100 395
12 40 7,8 77 776
13 40 7,8 50 1321
14 40 7,8 27 2473
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Temperatura [C]
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Rys. 4. Liczba cykli pracy w zaleznosci od temperatury otoczenia (punkt
pomiarowy w temperaturze 5°C uzyskano po opublikowaniu pracy [DB-1]).

Do oceny wplywu pradu roztadowania na trwato$¢, wyrazong liczbg cykli pracy ogniwa,
wykorzystano wyniki testow starzeniowych wykonanych w statej temperaturze otoczenia oraz
statej glebokosci roztadowania, ktore wynosity odpowiednio 25°C i 100% (warianty nr 1, 2, 3, 4
z tabeli 1). Wplyw tego parametru z najmniejszym bledem odwzorowano funkcja potggowsa
(rys. 5) — zalezno$¢ 4:

N(I)=d-(I,) +f 4)
gdzie: lq — prad roztadowania, d, e, f — wspotczynniki modelu.
7000
Model

6000 e

\ ® Wyniki pomiardw
2000 I -0 mlsa

\ N(I,)=5897(1,)" " —2758

— 4000 \
Z 3000

2000 ~_
1000 ——e

0

—-—--‘-_.-——__"""—‘-—-.

0 2 4 b 8 10 12
Prad roztadowania [A]

Rys. 5. Zalezno$¢ liczby cykli pracy od pradu roztadowania.

W celu wyznaczenia wptywu glebokosci roztadowania wykorzystano testy starzeniowe wykonane
W temperaturze otoczenia rownej 40°C przy pradzie roztadowania 7,8 A (warianty 11, 12, 13, 14
z tabeli 1). Jako funkcj¢ odwzorowujacg wplyw tego parametru przyjeto funkcje potegowa

(rys. 6):
N(DOD) =g-(DOD)" +i (5)
gdzie: DoD — gl¢boko$¢ roztadowania, g, h, i — wspotczynniki modelu.
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Rys. 6. Zaleznos¢ liczby cykli pracy od glebokosci roztadowania.

Wspoétczynniki réownan (3) — (5) zostaly wyznaczone metodg najmniejszych kwadratow.
Uzyskane warto$ci wspotczynnikéw zestawiono w tabeli 2.

Tabela 2. Wartosci wyznaczonych wspotczynnikow rownan (3) — (5).

Wspodtczynnik Wartos¢
a 2061
29,93
13,39
5897
-0,2683
-2758
21180
-0,475
-1959

- T [—|D QO |T

Nastepnie w pracy [DB-1] Autor zaproponowal i zaimplementowal nowa koncepcje
modelowania liczby cykli jakie wykona ogniwo NMC pracujgce w stalych warunkach
obcigzeniowych 1 statej temperaturze otoczenia. W autorskim rozwigzaniu wykorzystano system
rozmyty typu Mamdaniego, nalezacy do grupy modeli opartych na wiedzy. Parametrami
wejsciowymi modelu rozmytego byly: temperatura otoczenia, prad roztadowania oraz glgbokos¢
roztadowania, a parametrem wyjSciowym byla liczba cykli ladowanie-roztadowanie, jakie
ogniwo wykona zanim osiggnie SOH = 80%. Dla kazdego parametru wej$ciowego zdefiniowano
trzy trojkatne funkcje przynalezno$ci, natomiast dla parametru wyjsciowego zdefiniowano
9 trojkatnych funkcji przynaleznosci (rys. 7a — 7d). Wnioskowanie liczby cykli odbywa si¢ na
podstawie zdefiniowanej przez Autora bazy 27 regut lingwistycznych, ktora zawiera wszystkie
mozliwe kombinacje parametrow wejsciowych modelu. Wyniki wnioskowania liczby cykli
przedstawiono na rys.8a — 8c. Opracowany model zostal zweryfikowany dla 6 réznych
przypadkoéw testowych (tabela 3), a do okreslenia doktadno$ci modelu wykorzystano biad
wzgledny (zaleznos¢ 6). Uzyskane wyniki charakteryzuja si¢ wysoka doktadnoscia w stosunku do
wynikow prezentowanych w podobnych modelach.

RE = ( Yimeas ~ Ymodel J .100% (6)
Yimeas

gdzie: RE — btad wzgledny, Ymeas — warto$¢ zmierzona, Ymodel — warto$¢ obliczona.
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Rys. 7. Funkcje przynaleznosci parametroéw modelu: a) gtebokosci roztadowania,
b) pradu roztadowania, c) temperatury otoczenia, d) liczby cykli.
Tabela 3. Wyniki weryfikacji modelu rozmytego.
Temperatura Prad Glebokosé Modelowana Zmierzona Btad
otoczenia roztadowania roztadowania liczba cykli liczba cykli wzgledny
[°C] [A] [%] [] [] [%]
25 2,6 100 1705 1800 5,60
40 7,8 27 2152 2473 14,89
40 7,8 100 433 395 -8,84
40 7,8 50 1374 1321 -3,84
15 2,6 100 559 595 6,37
15 7,8 100 1385 1300 -6,13
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Rys. 8. llustracja wnioskowania liczby cykli modelu rozmytego: a) w funkcji gtebokosci roztadowania
i temperatury otoczenia, b) w funkcji pradu roztadowania i temperatury otoczenia, ¢) w funkcji glebokosci
roztadowania i pradu roztadowania.
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Nastepnie Autor kontynuowal badania i analizy skupiajac si¢ na opracowaniu metody
umozliwiajacej wyznaczenie stanu zuzycia ogniw litowo-jonowych podczas pracy w losowo
zmiennym obcigzeniu. Wyniki tych badan zaprezentowat w pracy [DB-2], w ktorej przedstawit
autorskg metode modelowania procesu zuzycia ogniw pracujacych zar6wno w stalych jak
I dynamicznie zmiennych (losowych) warunkach obcigzenia. W tej metodzie wykorzystano
zaproponowany przez Autora wskaznik szybkosci
elektrochemicznych zgodnie z zaleznoscia:

dSOH SOH,, —SOH,,

stuzacy do oceny zuzycia ogniw

= (7)

dNeq Neq,,. — Neq,
gdzie: SOHpre — stan zuzycia wyznaczony podczas poprzedniej procedury kontrolnej,
SOHact — stan zuzycia wyznaczony podczas biezacej procedury kontrolnej, Neqpre — liczba

ekwiwalentnych cykli pracy wykonana przed poprzednig procedura kontrolnga, Negact — liczba
ekwiwalentnych cykli pracy wykonana przed biezaca procedura kontrolng.

Stan zuzycia byt wyznaczany na podstawie zaleznosci (1) zgodnie z procedurg kontrolng (rys. 3).

Po kazdym roztadowaniu i tadowaniu ogniwa, wyznaczano ekwiwalentng liczb¢ cykli pracy,

powiekszajac ja o warto$¢ zgodng z wzorem:

U dsch _avg ) stch + U ch_avg ) Qch
U o - Qe

gdzie: Ugsch avg — Srednie napigcie ogniwa podczas potcyklu roztadowania, Uch ayg — Srednie
napiecie ogniwa podczas polcyklu tadowania, Qch — tadunek dostarczony podczas tadowania,

Neq =

(8)

Qdsch — tadunek pobrany podczas rozladowania, Unom — napigcie znamionowe ogniwa,
Qtot — znamionowy fadunek petnego cyklu pracy.

Proces opracowania modelu poprzedzony =zostal analiza statystyczng danych
eksperymentalnych 28 ogniw pracujacych cyklicznie w stalych warunkach (zatacznik 1). W tym
celu zdefiniowano hipotezg zerowa: parametry pracy cyklicznej nie majg wplywu na zuzycie
ogniwa oraz alternatywng: parametry pracy cyklicznej majg wphyw na zuZycie ogniwa.
Uwzgledniajac, ze wpltyw wigkszo$ci parametrow pelnego cyklu pracy na zuzycie ogniwa jest
nieliniowy, do wyznaczenia ich wptywu na dSOH/dNeq Autor wykorzystat test nieparametryczny
oparty na rangach Spearmana. Do weryfikacji postawionych wyzej hipotez wykorzystano
parametr zwigzany z istotnoscig statystyczng wyniku testu p—value. Przyjeto poziom istotnosci
rowny a = 0,05. Histogram danych uczacych przedstawiono na rys. 9, natomiast wyniki obliczen
wspoélczynnika korelacji Spearmana oraz wartosci p—value zestawiono w tabeli 4.

Tabela 4. Wartosci wspotczynnikow korelacji Spearmana (ps) i p—value dla parametrow pracy cykliczne;j.

L. Sredni
Temperat_ura Prad _ G}Qbokosq prad Aktualne SOH
otoczenia roztadowania | roztadowania .
tadowania
Ds -0,417 0,2398 -0,1363 -0,28 -0,624
p—value <0,000001 0,000161 0,03371 0,000009 <0,000001
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Rys. 9. Histogramy danych uczacych.

Uzyskane wartosci p—value dla wszystkich parametrow cyklu pracy sa nizsze od przyjetego
poziomu istotnos$ci, CO pozwolito odrzuci¢ hipoteze zerowa 1 potwierdzito prawdziwos$¢ hipotezy
alternatywnej. Postepujac zgodnie z zasadami analiz statystycznych zwigzanych z oceng sity
wptywu (korelacji), przyjeto umiarkowanie wysoki wptyw dla |ps|>0,6, dla 0,6>|ps|>0,4 — wptyw
umiarkowany, natomiast dla |ps|<0,4 — niski poziom wptywu. Na tej podstawie wykazano, ze
aktualny stan zuzycia charakteryzuje si¢ umiarkowanie wysokim wptywem na dSOH/dNeq,
temperatura otoczenia — wplywem umiarkowanym, a najnizszym wptywem na dSOH/dNeq
charakteryzuja si¢: sredni prad tadowania, prad roztadowania oraz gltgbokos¢ roztadowania.

W pracy [DB-2] Autor analizowat takze szybkos$¢ zuzycia ogniw na przestrzeni catego okresu
eksploatacji. Wykazat, ze przy okre§lonych kombinacjach warto$ci parametrow pracy cyklicznej
wystepuja trzy wzorce szybkosci degradacji (ASOH/dNeq). Dwa z nich charakteryzuja si¢ istotng
dynamikg zmian szybkosci zuzycia ogniwa (widoczne obszary przegie¢ wykresow na rys. 10), po
ktorych nastepuje faza przyspieszonego lub spowolnionego zuzycia. Trzeci wzorzec wyrdznia si¢
tym, ze przyrost szybkosci zuzycia jest w przyblizeniu staly (wykres zblizony do liniowego na
rys. 10). Identyfikacja przyczyn oraz przewidywanie miejsc wystepowania punktow przegie¢ jest
ztozona ze wzgledu liczbe parametrow pracy oraz niemozliwos¢ selektywnej analizy ich wplywu
podczas pracy ogniwa. Ponadto wptyw tych parametrow jest najczgsciej nieliniowy, co sprawia,
Ze opracowanie matematycznych zalezno$ci okreslajagcych dSOH/dNeq w funkcji omawianych
parametrow z akceptowalng doktadnos$cig jest niemal niemozliwe.
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Rys. 10. Przyktady trzech zidentyfikowanych wzorcow dynamiki szybkosci zuzycia badanych ogniw.

Bioragc pod uwage powyzsze problemy, Autor zaproponowal odejscie od klasycznych metod
modelowania i zastosowanie techniki wywodzacej si¢ z dziedziny uczenia maszynowego
z nadzorem — regresji opartej na procesach Gaussowskich (GPR). Zagadnienia zwigzane
z wykorzystaniem modeli opartych na jadrze Autor opisal szczegdtowo w pracach [DB-2, DB-3]
i wykorzystal do opracowania oryginalnego wieloparametrycznego modelu predykcji zuzycia
ogniw litowo-jonowych. Zmiennymi wejsciowymi modelu byly parametry: temperatura
otoczenia, prad roztadowania, glebokos¢ roztadowania, $redni prad *ladowania oraz
dotychczasowy stan zuzycia ogniwa. Uwzglednienie dotychczasowego stanu zuzycia w catym
okresie ekploatacji stanowito istotny wktad w podejsciu do modelowania. Autor réwniez zwrocit
uwage na konieczno$¢ uwzglednienia w modelach zmiany wartosci pradu ladowania
spowodowanej skroceniem fazy tadowania stalym pradem w okresie eksploatacji ogniwa, co jest
kolejnym udoskonaleniem w stosunku obecnie stosowanych metod modelowania. Do
wyznaczania szybkosci zuzycia (dSOH/dNeq, zapisanego dla uproszczenia jako y(x)) Autor
wykorzystal zalezno$¢ (9), natomiast struktura modelu zostata przedstawiona na rys. 11.

OO T O
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s

&~ /i LS

Rys. 11. Graficzna reprezentacja modelu GPR. Zmienne X;,y; otoczone pelnymi okregami sg znanymi
warto$ciami (zawartymi w zbiorze uczacym). Zmienne X~ sg punktami testowymi (nienalezacymi do zbioru
uczacego), natomiast przerywanymi okrggami oznaczono parametry (y=) przewidywane przez model.

W prostokgtach znajdujg sie zmienne ukryte modelu f.
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y(x) =h(xX)"w+ f(xX)+¢& 9)

gdzie: y(x) — szybkos¢ zuzycia, X — wektor parametrow wejsciowych, h(x) — zestaw funkcji
bazowych, w — wektor wspotczynnikow funkcji bazowych, f(xX) — funkcja nazywana zmienna
ukryta o rozktadzie Gaussa, ¢ — szum o rozktadzie normalnym.

Na tym etapie Autor badal wptyw typu funkcji bazowych h(x) oraz funkcji jadrowej k(X,x+) na
doktadnos¢ modelu zarowno dla zestawu danych uczacych, stanowigcych wyniki testow
starzeniowych uzyskanych przy staltym obcigzeniu (zgodnie z warunkami przedstawionymi
w zalagczniku 1), jak i podczas dynamicznie zmiennego obcigzenia, generowanego w Sposob
losowy. Przed procesem uczenia modelu wszystkie dane uzyskane z eksperymentow zostaty
ustandaryzowane zgodnie z technikami obrobki danych (opisanymi w artykule [DB-2])
I przetworzone do postaci zbioru uczgcego. Wyniki procesu uczenia (porownania odpowiedzi
modelu z wartosScig uzyskang z eksperymentu) przedstawiono w zalaczniku 2. Do oceny
doktadno$ci modelu wykorzystano powszechnie stosowane miary — S§redni procentowy btad
bezwzgledny (MAPE) oraz btad sredniokwadratowy (RMSE). Szczegdtows analiz¢ pordwnawczg
pieciu wariantow modeli przeprowadzono i przedstawiono w pracy [DB-2], a wyniki zestawiono
w tabeli 5.

Tabela 5. Wyniki analizy porownawczej pigciu wariantdéw modeli uczenia nadzorowanego.

Wariant K h) MAPE | R? | RMSE
modelu ’ [%] [] [-]

model 1 | Rational Quadratic | constant | 6,03 | 0,96 | 0,0116
model 2 Mattern 5/2 constant | 5,15 | 0,96 | 0,0117
model 3 Exponential constant | 0,07 | 0,94 | 0,0149
model 4 | Squared Exponential | linear 7,37 | 0,96 | 0,0117
model 5 Mattern 3/2 linear 2,27 10,96 | 0,0119

Kolejnym etapem badan, majacym na celu wybor najlepszego sposrod testowanych wariantow
modeli, byta analiza ich doktadnosci dla pracy cyklicznej ogniw przy dynamicznie zmiennym
obcigzeniu. Do realizacji tego zadania Autor opracowal aplikacje¢ komputerows stuzaca do
sterowania dwukierunkowych tadowarek Pulsar 3 oraz Pulsar 3+ w sposob umozliwiajacy
generowanie losowo zmiennego obcigzenia 1 tadowania. Warto$ci pradow roztadowania losowane
byly z zakresu od 2 A do 6 A, natomiast warto$ci pradow tadowania z zakresu od 2 A do 4 A.
Testy prowadzone byly w dwoch réznych temperaturach otoczenia (10°C oraz 15°C) oraz przy
dwoch poziomach glebkosci roztadowania (DoD =16% 1 DoD =48%) w zakresie od
SOH =100% do SOH =80%. Liczbg losowan poszczegdlnych wartosci pradéw zestawiono
w tabeli 6. Wylosowane sekwencje obcigzenia zostaly wprowadzone do modelu, po czym
przeprowadzono symulacje procesu zuzycia ogniw. Jako kryterium wyboru ostatecznej struktury
modelu w pracy [DB-2] przyjeto zdolnos$¢ do prawidtowego odwzorowania stanu zuzycia podczas
losowo zmiennego obcigzenia ogniwa w trakcie catego okresu eksploatacji. Do oceny doktadnosci
odwzorowania zastosowano biagd wzgledny. Sposrdéd testowanych modeli najlepsze
odwzorowanie uzyskano dla funkcji bazowych typu liniowego oraz funkcji jadrowej typu
Matern 3/2 (zaleznos¢ 10) — model 5. Dla tego wariantu modelu uczenia maszynowego btad APE
nie przekroczyl 5% w obu przypadkach testowych, co potwierdza wysokg efektywnosc
zaproponowanej metody.
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Tabela 6. Liczba wylosowanych poszczegdlnych warto$ci pradow
w celu weryfikacji modelu podczas losowo zmiennego obcigzenia

Wylosowany Test 1 Test 2
prad [A] (T=10°C, DoD=16%) | (T=15°C, DoD=48%)
Potcykl roztadowania
2 1354 202
3 1514 227
4 1643 192
5 1620 236
6 1491 190
Potcykl tadowania
2 2408 344
3 2722 351
4 2513 356

Wyznaczony z wykorzystaniem modelu 5 stan zuzycia (SOH) oraz btagd modelu (APE) dla
dynamicznie zmiennego obcigzenia w obu przypadkach testowych przedstawiono na

rys. 12a—12b.

gdzie: or — odchylenie standardowe, a1 — dlugo$¢ charakterystyczna, r — dtugos¢ Euklidesowa.
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Rys. 12. Wyniki weryfikacji modelu 5 podczas losowo zmiennego obciazenia: a) Test 1, b) Test 2.

W pracy [DB-3] Autor zajat si¢ zagadnieniem predykcji dostepnej energii uzytecznej ogniwa
typu NMC z uwzglednieniem dotychczasowego stanu zuzycia. Na podstawie wynikéw badan
eksperymentalnych 29 ogniw pracujacych cyklicznie w réznych warunkach temperaturowych
i obcigzeniowych (zatacznik 3), Autor analizowal ich zdolno$¢ do gromadzenia energii na
przestrzeni catego okresu eksploatacji (od SOH =100% do SOH =80%). Do oceny przyj¢to
wskaznik opisany zalezno$cig (11), okreslajacy wzgledng ilo$¢ energii uzytecznej, ktorg ogniwo
moze wymieni¢ w pojedynczym cyklu pracy (RUEc). Ladunek dostarczony i pobrany podczas
pracy cyklicznej obliczony byt za pomocg metody Coulomb counting.
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‘U +Q,-U
RUEC — stch ave _dsch Qch ave_ch (11)
2 ) Cnom ) U nom

gdzie: Uave dsch — $rednie napigcie ogniwa podczas poélcyklu roztadowania, Uawe ch — $rednie
napigcie ogniwa podczas polcyklu tadowania, Upom — napigcie znamionowe ogniwa,
Chom — pojemno$¢ znamionowa ogniwa, Qch — tadunek dostarczony podczas ladowania,
Qusch — fadunek pobrany podczas roztadowania.

W badaniach analizowano wptyw warto$ci parametrow pracy cyklicznej na zdolno$¢ ogniw
do wymiany RUE.. W pracy [DB-3] wykazano, ze najwyzsza utrata zdolnosci do wymiany RUE
dotyczy ogniw obcigzanych pradem o wartosci 7,8 A. W tych przypadkach RUE. obnizylo si¢
0 39,8-71,8%. Skutek ten zaobserwowano podczas badan niezaleznie od temperatury ogniwa.
Ponadto Autor wykazat, ze dla ogniw roztadowywanych powyzej 70% glebokosci roztadowania,
RUE. charakteryzuje si¢ rozng dynamika zmian w trakcie rozpatrywanego okresu eksploatacji.
W zalezno$ci od kombinacji wartosci parametrow pracy cyklicznej rozpoznano trzy wzorce
dynamiki zmian RUE (rys. 13):

1) o charakterystyce w przyblizeniu liniowej (ogniwo ,,C26”),

2) wolny spadek w pierwszym etapie eksploatacji, po ktorym nastepowata faza przyspieszonej
utraty zdolno$ci do wymiany energii (ogniwo ,,A23”),

3) po fazie oddawania zatozonego tadunku nastepowata faza przyspieszonej utraty zdolnosci do
wymiany energii (ogniwo ,,H10”).

’ wolna degradacja
¥
orl |

RUEc = const

—&—A23
—6—C26 |
H10

AN

przyspieszona
degradacja liniowa degradacja

przyspieszona

0.5+ punkty przegiec degradacja
0.4
0.3}
0.2 : : ' :
0 200 400 600 800 1000

FEC []
Rys. 13. Charakterystyki zmian RUE. badanych ogniw NMC (wybrane warianty z zatacznika 3).

Z rys. 13 wynika, ze ogniwa pracujagce w roéznych warunkach charakteryzujg si¢ wysoka
rozbiezno$cig zdolnosci do wymiany RUE;, pomimo wykonania takiej samej liczby
ekwiwalentnych cykli pracy (FEC). Swiadczy to o zlozonosci prezentowanego problemu
naukowego, jak 1 o koniecznos$ci stosowania zaawansowanych metod modelowania. Z tego
powodu, a takze bioragc pod uwage zalety modeli uczenia maszynowego z nadzorem, Autor
w pracy [DB-3] zdecydowat si¢ na poréwnanie r6znych metod z tej grupy do odwzorowania
zdolnos$ci ogniwa do wymiany RUE: w catym okresie jego eksploatacji. Danymi wejsciowymi
modelu byty parametry pelnego cyklu pracy: srednia temperatura ogniwa w trakcie pelnego cyklu
pracy (Ts), prad roztadowania (lg), gl¢boko$¢ roztadowania (DoD), $redni prad tadowania (Ich_avg)
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oraz liczba ekwiwalentnych cykli pracy (zaktadajac, ze ekwiwalentny cykl pracy réwny jest
wymianie przez ogniwo znamionowej energii — 18,876 Wh). Predykowanym parametrem byta
relatywna energia uzyteczna (RUEc), jakg ogniwo moze wymieni¢ w trakcie pojedynczego cyklu
pracy. Autor wykonat analiz¢ porownawczg procedury uczenia dla nastgpujacych modeli opartych
na uczeniu maszynowym: pojedynczym drzewie regresji, grupie drzew regresji, maszyny
wektorow wspierajacych oraz regresji opartej na procesach Gaussowskich (GPR). Do zestawu
uczacego wybrano dane wuzyskane z 20 wariantow procedur starzeniowych ogniw,
charakteryzujgcych sie glebokim roztadowaniem (DoD>70%), w ktérych znajdowato si¢ tgcznie
311 zestawow danych pomiarowych. Wszystkie zestawy poddano standaryzacji zgodnie
z zasadami obrobki danych. Szczegétowa analiza poréwnawcza procesu uczenia zostala
przedstawiona w pracy [DB-3], w ktorej wykazano, ze sposrdd testowanych modeli, najlepsze
dopasowanie do zbioru danych uczacych uzyskano dla modelu GPR. Dla kazdego zestawu danych
uczacych odpowiedz modelu byta zawarta w przyjetym przedziale ufnosci (na poziomie 95%),
a $redni btad MAPE dla wszystkich prébek wynidst 0,05%, co swiadczy o wysokim dopasowaniu
modelu. Przyktadowe wyniki procesu uczenia dla trzech wzorcow dynamiki zmian RUE
wyznaczone z wykorzystaniem dwoch modeli charakteryzujacych si¢ najnizszym btedem MAPE
przedstawiono na rys. 14a — 14c.

W dalszej czesci pracy [DB-3] przeprowadzono weryfikacje modelu, do ktorej wykorzystano
4 ogniwa obcigzone profilami niewykorzystanymi w procesie uczenia (zbior weryfikacyjny
zawieral 99 zestawow danych). Weryfikacja polegata na poréwnaniu wartosci RUE. uzyskanych
podczas eksperymentu z wartosciami Wyznaczonymi przez model w calym okresie eksploatacji.
Do oceny doktadnosci modelu zastosowano wskazniki MAPE oraz APE. Wyniki zestawiono
w tabeli 7, a uzyskane charakterystyki przedstawiono na rys. 15. Uzyskane wyniki $wiadczg
o wysokiej zdolnosci modelu do wyznaczania RUE: w dowolnych warunkach obcigzeniowych, co
zostato potwierdzone niskg wartoscia MAPE. W trzech przypadkach testowych MAPE wyniost
okoto 3%, natomiast dla ogniwa ,,B40” blad nieznacznie przekroczyt 5%. Z kolei btad APE dla
ogniw ,,B40” oraz ,,H9” w koncowej fazie eksploatacji ogniw osiagat poziom 10%. Przyczyny
wystgpowania btedow APE zostaly wyczerpujaco omowione w pracy [DB-3].

Tabela 7. Wyniki procesu weryfikacji modelu dla nowych profili obcigzenia.

. T, lq DoD leh avg MAPE
1D ogniva ] [A] [%] [A] [%]
B40 30,3 5,2 100 2,2 5,63
H9 35,3 2,6 100 2,85 2,88
A38 54,6 5,2 100 2,63 2,77
B32 39,7 5,2 100 2,47 3,26
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Rys. 14. Wyniki procesu uczenia modelu GPR oraz modelu grupy drzew regresji dla trzech

zaobserwowanych typow dynamiki zmian RUEc: a) po fazie oddawania zadanego tfadunku nastgpita faza
przyspieszonej utraty zdolnoséci do oddawania energii, b) w przyblizeniu liniowa, ¢) po wykonaniu przez

ogniwo okoto 400 FEC nastapita faza przyspieszonej utraty zdolnosci do oddawania energii.
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Rys. 15. Wyniki procedury weryfikacji modelu predykcji RUEc.

Ze wzgledu na brak zgodno$ci w $wiatowej literaturze na temat wptywu poszczegdlnych
czynnikdw na proces zuzycia ogniw litowo-jonowych, Autor w pracy [DB-3] przeprowadzit
analizy umozliwiajace oceng wpltywu parametrow modelu na wartos¢ RUE.. Badania te polegaty
na okresleniu istotnosci oraz wyznaczeniu ilosciowego wptywu parametrow wejsciowych modelu.
Oceng iloSciowa przeprowadzono analizujac parametry selektywnie oraz ich kombinacje. Do tego
celu wykorzystano metody wyjasnialnego uczenia maszynowego. W celu okreslenia istotnosci
parametrow modelu predykcyjnego wykorzystano metode istotnosci zmiennych (ang. variable
importance), natomiast do wyznaczenia ilo$ciowego wplywu parametréw pracy cyklicznej na
RUE. zastosowano metod¢ zakumulowanych efektow lokalnych (ang. accumulated local effects)
pierwszego i drugiego rzedu.

Wykorzystujac metodg istotnosci zmiennych wyznaczono btedy modelu poprzez permutacje
warto$ci kazdego parametru modelu oraz wskazniki istotnosci. Algorytm wyznaczania istotnosci
zmiennych przedstawiono na rys. 16. Jako funkcj¢ straty przyjeto RMSE. Usrednione warto$ci
wskaznika istotnosci zmiennych (V1) oraz odchylenia standardowego (o) zestawiono w tabeli 8.

Procedura wyznaczania istotnosci zmiennych (V1)

Wejscie:
x — wektor zmiennych objasniajacych
v — wektor zmiennej objasnianej (zmierzonej)
Jf—model
L(yf) — funkcja straty (RMSE)
Kroki:
1. Wyznaczenie oryginalnego bledu modelu L=L(y f{x))
2. Dla kazdej zmiennej objasniajacej x;:
a. Wygenerowanie nowej macierzy zmiennych x? poprzez
permutacje zmiennych x; w macierzy x.
b. Wyznaczenie predykcji modelu v na podstawie
permutowane] macierzy x? .
¢. Obliczenie biedu modelu na podstawie predykeji z
danych permutowanych L;=Lv f{x?)).
d. Obliczenie wskaznika istotnosci zmiennych VI=L-L,
3. Posortowanie zmiennych objasniajacych wedlug
malejacego V7
Wryijscie:
VI — istotno$¢ zmiennej objasniajacej

Rys. 16. Algorytm wyznaczania istotno$ci zmiennych.
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Tabela 8. WartoSci istotnosci parametréw wejéciowych modelu predykcyjnego.

Parametr Ts lg DoD leh avg FEC
VI 0,120042 0,147475 0,048705 0,056989 0,16758
c 0,001375 0,001651 0,000866 0,000554 0,00161

Na podstawie uzyskanych wynikow stwierdzono, ze najwyzszy wplyw na RUE: ma liczba
ekwiwalentnych cykli pracy, nastepnie prad roztadowania i srednia temperatura ogniwa.

W celu okreslenia ilosciowego wptywu jaki poszczegdlne parametry pracy cyklicznej maja na
przewidywana warto§¢ RUE: (nazywany wplywem glownym), Autor zastosowal metode
zakumulowanych efektow lokalnych pierwszego rzedu (ALE). Funkcja ALE pierwszego rzgdu jest
opisana wzorem (12) i odzwierciedla r6znice miedzy RUE: wyznaczang przez model a $rednia
wartoscig RUE: obliczang dla parametrow o wartosciach znajdujacych si¢ w otoczeniu
rozpatrywanych punktow.

_ gl o 0ax,)
ALE (x,) = j E{ o

X = zl}dz1 +C, (12)

min(x,;)

gdzie:

a - 1 1 5 rr

f((;cx1 X2) reprezentuje efekt lokalny wplywu zmiennej X1 na wyznaczang warto$¢
1

f w punkcie (x1, x2), min(x1) — dolna granica rozpatrywanego zakresu zmiennej, c1 — stata dobrana

w celow pionowego wycentrowania wykresu,

Charakterystyki wplywow gtownych poszczegolnych parametrow wejsciowych modelu
przedstawiono na rys. 17a — 17e. Z rys. 17a wynika, ze najwyzsze wartosci RUE. uzyska¢ mozna
podczas pracy ogniwa w zakresie temperatur od 30°C do 52°C. Poza tym zakresem przewidywana
warto$¢ RUE. bedzie nizsza od warto$ci $redniej (a w temperaturze ponizej 20°C wartos¢ ALE
obniza si¢ nawet o okoto 0,1). Na rys.17b zauwazy¢ mozna, ze warto§¢ ALE maleje
proporcjonalnie do pradu roztadowania, osiggajac warto$¢ srednig przy pradzie 5,2 A, natomiast
przy pradzie 7,8 A warto$¢ -0,1. Podobna zalezno$¢ zachodzi dla $redniego pradu tadowania
(rys. 17d), w ktorym warto$¢ srednia przypada dla 2,25 A, natomiast dla pradu 3,4 A ALE osiaga -
0,06. Zalezno$¢ ALE od glebokosci roztadowania w catym rozpatrywanym zakresie jest liniowa
(rys. 17c). Z rys. 17e wynika, ze ogniwa, ktore wykonaty mniej niz 200 FEC byly zdolne do
wymiany najwigkszej ilosci RUE: — dla nowych ogniw pracujgcych w korzystnych warunkach
ALE wynosito nawet 0,2. Stosunkowa wysoka zdolnoscia do gromadzenia energii
charakteryzowaly si¢ rowniez ogniwa, ktore wykonaty od 200 do 500 cykli (ALE utrzymywato si¢
na S$rednim poziomie). Natomiast w przypadku ogniw, ktore wykonaty ponad 500 FEC,
zaobserwowano istotny spadek ALE.
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Rys. 17. Charakterystyki zakumulowanych efektow lokalnych pierwszego rzedu (wptyw glowny)
w funkgcji: a) sredniej temperatury ogniwa, b) pradu roztadowania, c¢) gtgbokosci roztadowania,
d) sredniego pradu tadowania, e) liczby ekwiwalentnych cykli.

Ponadto Autor w pracy [DB-3] badat rowniez wptyw wszystkich mozliwych kombinacji par
parametrow modelu na RUEc. Do tego celu wykorzystano metod¢ zakumulowanych efektow
lokalnych drugiego rze¢du, dzigki ktoérej mozliwe jest wyznaczenie wplywu par parametrow
z pominigciem ich wptywu glownego (wyznaczonego metoda ALE pierwszego rzedu). Efekt
wplywu dwoch parametréw modelu obliczono na podstawie zaleznos$ci:

Xq Xo af ’ ’
ALE (x,,X,) = j j E (ngz(;x:({l'a)%xlzzl,xz =7, |dz,dz, (13)

min(x; ) min(x, )

Uzyskane wyniki ALE drugiego rzedu przedstawiono w postaci map wartosci nha rys. 18 — 20.
Umozliwity one iloSciowe okreslenie wplywu par parametrow pracy cyklicznej na RUE:.
Najwyzszymi wartosciami ALE charakteryzuja si¢ kombinacje z parametrem FEC,
w szczegblnosci: ALE(FEC, Tc), ALE(FEC, l4), ALE(FEC, Ich avyg). Pary ALE(FEC, DoD),
ALE(T, lq) oraz ALE(T;, DoD) wykazuja wptyw umiarkowany, natomiast pozostate kombinacje
par parametréw wykazujg najnizsze wartosci ALE.
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Rys. 18. Wartosci zakumulowanych efektow lokalnych dla poszczegdlnych kombinacji
par parametrow modelu: a) $redniej temperatury ogniwa i liczby ekwiwalentnych cykli,
b) pradu roztadowania i liczby ekwiwalentnych cykli, c) glebokosci roztadowania i liczby
ekwiwalentnych cykli, d) sredniego pradu tadowania i liczby ekwiwalentnych cykli.
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Rys. 19. Wartosci zakumulowanych efektow lokalnych dla poszczegolnych
kombinacji par parametréw modelu: a) Sredniej temperatury ogniwa
i $redniego pradu tadowania, b) pradu roztadowania i sredniego pradu
fadowania, c) glebokosci roztadowania i $redniego pradu tadowania.
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Rys. 20. Wartosci zakumulowanych efektow lokalnych dla poszczegolnych kombinacji par
parametréw modelu: a) sredniej temperatury ogniwa i glebokosci roztadowania, b) pradu
roztadowania i glebokosci roztadowania, €) sredniej temperatury ogniwa i pradu roztadowania.

Ostatnim etapem prac badawczych zrealizowanych w ramach rozprawy doktorskiej byta
analiza porownawcza efektywnosci opracowanych przez Autora metod z rozwigzaniami
opisanymi w renomowanych czasopismach naukowych. Analiza obejmowata okreslenie liczby
oraz zakresOw zmienno$ci parametréow wejsciowych modelu, typu modelu oraz uzyskanej
doktadnosci (z wykorzystaniem MAPE). W analizie porownawczej nie ujeto powszechnie
stosowanych metod uproszczonych, np. takich, w ktorych proces zuzycia modelowano w funkcji
pojedynczego parametru pracy cyklicznej — ze wzgledu na znaczaco nizszg doktadnos¢. Skupiono
si¢ natomiast na réznych nowatorskich koncepcjach opisanych w literaturze $wiatowej, ktore
opracowano oraz weryfikowano na réznych zestawach danych. Na podstawie wykonanej analizy
stwierdzi¢ mozna, iz opracowane przez Autora wieloparametryczne modele umozliwiaja
predykcje procesu zuzycia dla szerokiego zakresu zmiennosci parametréw wejsciowych, dzieki
temu w calym okresie cksploatacji ogniw uzyskano wyzsza doktadno$¢ niz w obecnie
stosowanych metodach — szczegotowe wyniki zestawiono w tabeli 9.
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Tabela 9. Analiza pordownawcza struktur oraz efektywnosci modeli predykcji procesu zuzycia ogniw litowo-jonowych.

Zrédlo (rok wydania)

Typ modelu

Parametry wejsciowe

Zakres zmiennosci
parametréw wejSciowych

Parametr wyjSciowy

Zakres zmiennosci

parametru wyj$ciowego

Blad modelu (MAPE) [%]

Uwagi

liczba cykli 0-1958 Brak zmienno$ci temperatury, glebokosci
[29] (2015) Metoda Bayesa prad rozladowania 0.5C, 1€ pojemnosé 0,9 Ah—1,35 Ah 8,7% roziadowania | pradu ladowania M.E‘.je'
- ‘7 . 11 Ah 135 Ah nie 71 enty 1IKOwWa Zmla.l’l ynamiki
pojemnosc ogniwa ' ' procesu zuzycia.
stan natadowania Brak zmiennosci temperatury. Parametry
. rezystancja omowa 20% — 100% stanu o 720 o schematu zastepczego ogniwa
[31] (2017) Sztuczna sie neuronowa rezystancja dynamiczna natladowania ogniwa SOH 103,3% — 74% 5,3% pierwszego rzedu wyznaczone dla
y jady
pojemno$¢ dynamiczna rdznego stopnia zuzycia.
Rearesia liniowa z Testowano trzy warianty modelu. Brak
[50] (2019) rgegujlaryzach dQ/dV 20V -36V liczba cykli 02237 9,1% (najlepszy wynik) zmiennosci pradu roztadowania,
temperatury i gtebokosci roztadowania.
prad tadowania 15A .
temperatura 25°C —40°C (brak komory) 00 0 88% (nai K) 'I;jesltowané) cztery Warlémty m(l)(delu.
[52] (2018) Glebokie uczenie — . 0 pojemnos¢ 100% — 70% % (najlepszy wyni Model nie odwzorowuje dynamiki zmian
Hle o o
prad tadowania 15A Testowano pie¢ wariantow modelu. Brak
., temperatura 25°C — 40°C (brak komory) . . 0 0 0 . . zmiennosci pragdu tadowania,
[53] (2019) Sztuczna sie¢ neuronowa alebokosé rozladowania 100% pojemnos¢ 100% — 70% 5% (najlepszy wynik) rozladowania oraz glebokosci
prad roztadowania 0,2C roztadowania
temperatura otoczenia 15°C - 40°C
[DB-1] Sys‘,‘fﬂ”;r;‘:jza’:]?ggotyp“ alebokosé roztadowania 27% — 100% liczba cyKli 0 - 2500 7.6%
prad roztadowania 1C-3C
prad tadowania 15A Brak zmienno$ci pradu tadowania,
temperatura 25°C —40°C (brak komory) roztadowania oraz glebokosci
. ‘o 0f 0 0
[56] (2017) GPR glebokosé roztadowania 100% pojemnose 100% —70% 40% roztadowania. Model nie odwzorowuje
prad roztadowania 02C dynamiki zmian procesu zuzycia.
pojemnosé dla 200 pierwszych cykli pozostaty okres Brak zmienno$ci pradu tadowania oraz
[59] (2019) GPR temperatura otoczenia 35°C, 45°C pojemnosé eksploatacji ogniwa 91,7% (najlepszy wynik) roztadowania, zrealizowano dwa
glebokosé roztadowania 50%, 80%, 100% (200 — 1500 cykli) przypadki testowe.
[60] (2022) GPR reprezentujacych energie 0 — 200 cykli SOH 100% — 60% 8,3% przeprowac Jedy .
fadowania i roztadowania wartosci pradow ladowania i
roztadowania.
prad tadowania 0,62C —1,34C Zaleta: btad uzyskany w warunkach
temperatura otoczenia 10°C -40°C Caly okres eksploatacji dynamicznie zmiennego obcigzenia
[DB-2] GPR glebokos¢ roztadowania 16% — 100% dSOH/dNeq ogniwa (SOH = 100% — 1,04% (generowanego losowo), model
rad rozladowania 1C-4C SOH = 80%) umozliwia identyfikacj¢ zmian dynamiki
pra
dotychczasowy stan zuzycia 100% — 80% procesu zuzycia.
stan natadowania 100% — 0% Model zweryfikowano tylko dla
Schemat zastgpczy prad roztadowania 0,33C - 5C MAE (maksymalna . 0 pojedynczego cyklu pracy podczas
[61] (2018) 2-rzedu stan zuzycia 100% — 85% dostepna energia) Pojedynczy cykl pracy 9.2% dynamicznie zmiennego obcigzenia i
y p g g
temperatura 5°C-45°C temperatury.
. napiecie 36V-20V . o .
A | osc i | RGN | sy ouipy | ST | Modle metiovmo d it
temperatura -5°C —45°C ’ '
stan natadowania 100% — 0% SOE (stan dostepne; Btedy predykc;ji dla poczatkowych cykli
[63] (2017) Fizykochemiczny ) OStepne] Pojedynczy cykl pracy 5% pracy osiagaty wartosci bliskie 20% we
prad roztadowania 0,05C -045C energii) wszystkich przypadkach testowych.
prad tadowania 0,5C-1,33C
$rednia temperatura ogniwa 16,6°C-62,1°C Caly okres eksploatacji Zaleta: Model umozliwia identvfikacs
- glebokos¢ roztadowania 0 — 0 c ogniwa = 0 - ,64%
DB-3 GPR teboko$¢ rozladowani 70% — 100% RUE iwa (SOH = 100% 3,64% ' UMOZIW ylxade

prad roztadowania

1C-3C

ekwiwalentna liczba cyKkli

01908

SOH = 80%)

zmian dynamiki procesu zuzycia.




3.4.5. Podsumowanie

W pracach badawczych, wykonanych przez Autora w ramach rozprawy doktorskiej, skupiono
si¢ na opracowaniu nowych i skuteczniejszych metod modelowania procesu zuzycia ogniw
litowo-niklowo-manganowo-kobaltowych pracujacych w warunkach dynamicznie zmiennego
obcigzenia. Badania wyr6znialy si¢ tym, ze byty prowadzone dla takich parametréw pracy ogniw,
ktore sg zblizone do warunkow rzeczywistej eksploatacji i jednocze$nie realizowane byty
w szerokim zakresie zmienno$ci w catym okresie eksploatacji ogniw. Ze wzgledu na stopien
ztozonosci zagadnienia, Autor uwzglednit wiele parametrow pracy, w szczegodlnosci
dotychczasowy stan zuzycia ogniwa, CO Stanowi — w polagczeniu z warunkami pracy
realizowanych badan (zblizonymi do rzeczywistych, w szerokim zakresie zmiennos$ci, w catym
okresie eksploatacji) — nowatorskie podejscie w stosunku do obecnych metod. Do osiggnigcia celu
rozprawy doktorskiej zaplanowano i przeprowadzono bardzo czasochtonne pomiary
eksperymentalne, ktore nieprzerwanie trwaty przez 5 lat (przebadano 104 ogniwa 18650 typu
NMC).

Na podstawie przeprowadzonych pomiaréw 1 analiz przedstawionych w rozprawie
doktorskiej, sformutowano nastepujace wnioski:

e Ze wzgledu na nicliniowy wpltyw parametrow pracy ogniw na ich zuzycie, stosowanie modeli
uproszczonych (uwzgledniajacych ograniczong liczbe parametrow lub waski zakres ich
zmienno$ci — np. powszechnie stosowane metody bazujagce wylgcznie na zliczaniu
ekwiwalentnych cykli) moze prowadzi¢ do znaczacych bledow podczas wyznaczania
parametrow zwigzanych z trwato$cig, przede wszystkim w okresie dlugoterminowym,
np. podczas catego okresu eksploatacji ogniwa.

e Najwickszy wpltyw na szybko$¢ zuzycia ogniwa (dSOH/dNeq) oraz relatywng energi¢
uzyteczng (RUEc¢) maja nastgpujace parametry: dotychczasowy stan zuzycia, prad
roztadowania oraz temperatura (otoczenia lub ogniwa), o czym $wiadcza wysokie wartosci
wspotczynnikow korelacji (tabela 4) oraz wartosci zakumulowanych efektow lokalnych ALE
(rys. 17).

e Opracowany w pracy [DB-1] system rozmyty typu Mamdaniego jest skuteczng metoda
modelowania procesu zuzycia ogniw NMC.

e Zastagpienie czgsto stosowanych funkcji wielomianowych lub rownania Arrheniusa do
modelowania wplywu temperatury przez funkcj¢ typu Gaussowskiego (zaleznos¢ 3) [DB-1]
umozliwia poprawe doktadno$ci wyznaczania liczby cykli w szerokim zakresie temperatur,
W szczeg6lnosci w niskich temperaturach.

e W zaleznosci od warunkow pracy ogniwa NMC w artykutach [DB-2] oraz [DB-3]
zidentyfikowano rézne wzorce przebiegu procesu zuzycia ($wiadczace o zmianach szybkosci
zuzycia) — rys. 10 oraz rys. 13.

e Opracowane przez Autora w pracach [DB-2, DB-3] wieloparametryczne modele majace
zdolnos¢ uogolniania wiedzy (modele uczenia maszynowego) umozliwiaja wyznaczanie,
charakteryzujacego si¢ silng nieliniowoscia, stanu zuzycia ogniwa podczas dynamicznie
zmiennego obcigzenia z wysoka doktadnoscig (dla modelu w pracy [DB-2] APE nie
przekroczylo 5%, a w pracy [DB-3] za wyjatkiem kilku punktéw testowych APE nie
przekroczylo 7,5%). Istotnym osiagnigciem Autora jest znaczace udoskonalenie obecnie
stosowanych metod poprzez uwzglednienie dodatkowego parametru modelu w postaci
dotychczasowego stanu zuzycia w catym okresie eksploatacji ogniwa.

e Na podstawie analiz przeprowadzonych w pracach [DB-2, DB-3] sposrod testowanych modeli
nalezacych do grupy uczenia maszynowego z nadzorem, najnizszym btgdem predykcji



charakteryzuje si¢ model regresji opartej na procesach Gaussowskich z funkcjg jadrowg typu
Matern 3/2.

Opracowane przez Autora metody modelowania procesu zuzycia ogniw NMC moga by¢
zaimplementowane np. w celu optymalizacji pracy systeméw zarzadzania przeptywem energii,
a w konsekwencji wydluzenia zywotnoSci akumulatoréw, €O jest obecnie jednym
z kluczowych aspektow W przemysle zwigzanym z magazynowaniem energii.

Atutem proponowanych metod badania i modelowania ogniw jest ich uniwersalnosé¢
polegajaca na mozliwosci ich zastosowania w ogniwach elektrochemicznych o innym sktadzie
chemicznym.

Do najwazniejszych osiggnig¢ naukowo-badawczych Autora zaprezentowanych w rozprawie

doktorskiej zalicza si¢:

zaplanowanie i1 przeprowadzenie serii eksperymentow polegajacych na badaniu ogniw NMC
podczas ich cyklicznej degradacji [DB-1, DB-2, DB-3],

zaproponowanie wykorzystania funkcji Gaussowskiej do celu odwzorowania wptywu
temperatury otoczenia na liczb¢ cykli pracy ogniw [DB-1],

opracowanie oraz zaimplementowanie rozmytego  wieloparametrycznego  modelu
umozliwiajgcego wyznaczenie liczby cykli ogniwa w zatozonym okresie eksploatacji [DB-1],
zaproponowanie nowego wskaznika okreslajacego szybko$¢ zuzycia ogniw (dSOH/dNeq),
stuzacego do oceny wzorcow ich degradacji [DB-2],

identyfikacja trzech wzorcow szybko$ci zuzycia ogniw oraz relatywnej energii uzytecznej
w zaleznos$ci od warunkow ich pracy [DB-2, DB-3],

opracowanie oraz implementacja wieloparametrycznego modelu predykcji szybkosci zuzycia
i udowodnienie jego skuteczno$ci zaréwno podczas statego jak i dynamicznie zmiennego
(losowego) obcigzenia [DB-2],

opracowanie modelu stuzacego do predykcji relatywnej energii uzytecznej, ktorg ogniwo moze
wymieni¢ podczas pelnego cyklu pracy w calym okresie jego eksploatacji w réznych
warunkach obcigzeniowych i temperaturowych [DB-3],

wyznaczanie ilosciowego wptywu indywidualnych parametrow pracy cyklicznej oraz
kombinacji ich par na dostepna energi¢ uzyteczng ogniw [DB-3].

Podsumowujac, przeprowadzone w monotematycznym cyklu publikacji analizy oraz

uzyskane wyniki dowodza wysokiej efektywnosci przedstawionych autorskich metod
modelowania procesu zuzycia, z uwzglednieniem dynamicznie zmiennego obcigzenia,
1 jednoczesnie potwierdzaja, ze zatozony cel rozprawy doktorskiej zostat osiagnigty.
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4. Podsumowanie dzialalno$ci naukowo-badawczej — dane bibliometryczne

W tym rozdziale podsumowano dotychczasowa dziatalno$¢ naukowo-badawcza Autora oraz
aktualny stan cytowan (na dzien 12.05.2022 r.) w bazach Web of Science Core Collection, Scopus
oraz Google Scholar.

4.1. Podsumowanie dotychczasowego dorobku publikacyjnego

Doktorant jest autorem 1 publikacji oraz wspoétautorem 20 publikacji zamieszczonych
w czasopismach lub materiatach konferencji miedzynarodowych i krajowych. W tabeli 10
przedstawiono dane o cytowaniach artykutéw naukowych w bazach naukowych: Web of Science,
Scopus oraz Google Scholar. Z kolei w tabeli 11 zestawiono podsumowanie osiggnie¢ naukowych.
Wykaz cytowan poszczegolnych prac autorskich lub wspotautorskich umieszczono w zatgczniku 4.

Tabela 10. Informacje o liczbie cytowan w wybranych bazach naukowych.

. . Catkowita | Liczba cytowan Indeks
Liczba indeksowanych . .

Baza artvkulow liczba bez Hirscha

Y cytowan autocytowan (h-index)
Web of SC|er_10e Core 10 43 28 4

Collection

Scopus 12 57 36 5
Google Scholar 18" 73 49 5

*praca [DB-3] zostata opublikowana w kwietniu 2022 r. w czasopismie znajdujacym si¢ na liscie JCR, ale nie
zostala jeszcze zaindeksowana.

Ze zbioru opublikowanych prac, 4 sg indeksowane w bazie Journal Citation Reports.
Sumaryczny Impact Factor Autora wynosi IF = 15,92. Laczna liczba punktéw za artykuly naukowe
obliczona zgodnie z wytycznymi MEIN wynosi 844 (710 obliczonych zgodnie z wykazem
opublikowanym przez MEIN z dnia 01.12.2021 roku oraz 134 obliczonych zgodnie z wykazem
opublikowanym przez MNiSW z dnia 25.01.2017 roku).

Tabela 11. Zestawienie osiggnie¢ naukowych.

Opublikowane prace naukowe
. Krajowe (JCR) 7(1)
Czasopisma .
P Miedzynarodowe (JCR) 4 (3) 21
. . Krajowe 7
Materiaty konferencyjne Mic dzytjlaro dowe 3
Cztonkostwo w radach recenzentow 1
Udziat w konferencjach krajowych (prelegent) 4(1)
Udziat w konferencjach migdzynarodowych (prelegent) 3(2)
' ’ ' Zagraniczne 13 (10)
Recenzje artykutow dla czasopism (z bazy JCR) 17
Krajowe 4
Staze 1
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4.2. Pozostale osiggniecia naukowo-badawcze

Do pozostatych osiggnig¢ naukowo-badawczych niewchodzacych w sktad rozprawy
doktorskiej naleza prace zwigzane glownie z tematykg modelowania funkcjonowania i zuzycia

ogniw elektrochemicznych, a takze innych typéw magazynow energii:

Artykuly opublikowane w czasopismach naukowych:

[DB-4]

[DB-5]

[DB-6]

Kasprzyk L., Burzynski D., Lewandowska A., Pietracho R., Szymenderski J., Wenge Ch.,
,Modelowanie pracy ogniw paliwowych w pojazdach wodorowych”. Przeglad
Elektrotechniczny. 2021, R. 97, nr 12, s. 117-120. (70 pkt. MEIN).

W artykule przedstawiono rozwdj badan nad ogniwami paliwowymi oraz wykorzystanie
ich w motoryzacji. Omowiono aspekty modelowania ogniw paliwowych — ich zasade
dziatania, rownanie Nernsta oraz najwazniejsze parametry. Zaprezentowano aplikacje
komputerowq stuzqcq do symulacji pracy uktadu zasilania. Przeprowadzono analize
zachowania sie¢ ogniw paliwowych oraz akumulatora w wodorowym autobusie miejskim.
Uzyskane wyniki zaprezentowano w postaci wykresow i omowiono.

Pietracho R., Wenge Ch., Balischewski S., Pio L., Komarnicki P,
Kasprzyk L., Burzynski D., ,Potential of Using Medium Electric Vehicle Fleet in
a Commercial Enterprise Transport in Germany on the Basis of Real-World GPS Data”.
Energies. 2021, vol. 14, no. 17, s.5327-1-5327-23. (140 pkt. MEIN; IF = 3,004).

W niniejszym artykule przedstawiono wptyw wykorzystania floty pojazdow elektrycznych
zasilanych z akumulatoréow (BEV) na rozktad obcigzenia wybranego obiektu
przemystowego. Ponadto w pracy przedstawiono wyniki symulacji pozwalajgce na
okreslenie potencjatu wykorzystania floty oraz zuzycia energii przez pojazdy elektryczne
na podstawie rzeczywistych danych, reprezentujgcych procesy zwiqzane z codziennym
uzytkowaniem pojazdow elektrycznych. Na tej podstawie mozliwe jest okreslenie skutkow
[ zmiennosci obcigzenia sieci elektroenergetycznej w przypadku wymiany floty pojazdow
spalinowych wykorzystywanych obecnie na pojazdy elektryczne do swiadczenia ustug
transportowych.  Przedstawiono trzy ~modele, umozliwiajgce obliczenie zmian
zapotrzebowania na energie dla kazdego ze scenariuszy. Na koniec okreslono
i przedyskutowano potencjat wykorzystania floty pojazdow elektrycznych do zwigkszenia
funkcjonalnosci nowoczesnego obiektu przemystowego. Na podstawie danych dla
przyjetych scenariuszy stwierdzono, ze elektryfikacja transportu moze zwigkszyc¢
zapotrzebowanie na energig o 40,9% w przypadku pojedynczych przedsiebiorstw.

Burzynski D., Kasprzyk L., ,,Analysis of the potential use of lithium-ion energy storage in
the home charging station for electric cars”. IOP Conference Series: Earth and
Environment Science. 2019, vol. 214, s. 012077-1-012077-11. (5 pkt. MNiSW).

W artykule poruszono problemy zwigzane z magazynowaniem energii elektrycznej
w stacjach tadowania pojazdow elektrycznych na przykltadzie domowej stacji tadowania
pojazdow, wspolpracujgcej z instalacjq fotowoltaiczng. Przedstawione zagadnienia
obejmujg charakterystyke stacji tadowania pojazdow, problematyke konwersji energii
stonecznej na elektryczng oraz metodyke wyznaczania energii mozliwej do pozyskania
z instalacji fotowoltaicznych. Ponadto oméwiono metody modelowania pracy ogniw
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[DB-7]

[DB-8]

[DB-9]

[DB-10]

litowo-jonowych z uwzglednieniem ich zZywotnosci, a takze przedstawiono przyktadowq
symulacje zachowania elektrochemicznego magazynu energii wspoilpracujgcego ze stacjg
tadowania pojazdow elektrycznych i instalacjg fotowoltaiczng. We wnioskach zwrocono
uwage na aspekt Zywotnosci magazynow energii w odniesieniu do zasadnosci ich
zastosowania jako magazynow energii dla stacji tadowania pojazdow elektrycznych
wspoipracujgcych

z odnawialnymi zrédtami energii (OZE).

Kasprzyk L., Burzynski D., Domeracka A., ,,Modelowanie pracy i trwato$ci akumulatorow
litowo-jonowych w pojazdach elektrycznych”. Przeglad Elektrotechniczny. 2018, R. 94,
nr12,s. 158-161. (14 pkt. MNiSW).

W artykule przedstawiono problematyke modelowania pracy oraz zuzycia akumulatorow
w  pojazdach elektrycznych. Omowiono podstawowe metody modelowania pracy
akumulatorow elektrochemicznych oraz szacowania ich zuzycia podczas roztadowania
zmiennego W czasie. Zaprezentowano symulacje, w ktorej analizowano zachowanie sie
akumulatorow LiFeMnPO4 podczas obcigzenia charakterystycznego dla pojazdow
elektrycznych. Uzyskane wyniki przedstawiono i skomentowano.

Burzynski D., Kasprzyk L., ,,Modelowanie pracy akumulatorow kwasowo-olowiowych
w stanach dynamicznych”. Poznan University of Technology Academic Journals.
Electrical Engineering. 2017, Issue 92, s. 37-46. (9 pkt. MNiSW).

W  pracy przedstawiono aspekty zwigzane z modelowaniem elektrochemicznych
magazynow energii elektrycznej na przykladzie akumulatorow kwasowo-olowiowych.
Omowiono zasobniki energii najczesciej stosowane obecnie w technice i zestawiono ich
podstawowe parametry techniczne. Zaprezentowano szczegotowy model matematyczny
ogniwa akumulatora kwasowo-ofowiowego oraz jego parametry. Przedstawiono wzory
empiryczne opisujgce poszczegolne parametry schematu zastgpczego ogniwa. Szczegolny
nacisk potozono na problematyke doboru modelu oraz koniecznosci uwzgledniania zjawisk
chemicznych (powigzanych z rodzajem modelu) do rozwazanego zagadnienia.

Burzynski D., Kasprzyk L., ,,Wybrane metody modelowania pracy ogniw
elektrochemicznych”. Przeglad Elektrotechniczny. 2017. R. 93, nr 12, s. 75-78.
(14 pkt. MNiSW).

W artykule przedstawiono dwie techniki modelowania pracy ogniw elektrochemicznych —
model elektrochemiczny oraz obwodowy. W modelu elektrochemicznym opisano procesy
zwiqgzane z dyfuzjg oraz przeniesieniem nosnikow tadunku zachodzqce w elektrolicie oraz
na elektrodach ogniwa. Zaprezentowano przykfadowy schemat zastepczy ogniwa oraz
omowiono techniki estymacji parametrow modelu. W podsumowaniu skomentowano zalety
I wady przedstawionych metod modelowania.

Kasprzyk L., Bednarek K., Burzynski D., ,,Symulacja pracy akumulatorow kwasowo-
otowiowych”. Przeglad Elektrotechniczny. 2016, R. 92, nr 12, s. 61-64. (14 pkt. MNiSW).

W artykule zaprezentowano zagadnienia zwigzane z modelowaniem pracy zasobnikow
energii elektrycznej na przykladzie elektrochemicznych Zrodel energii, jakimi sq
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[DB-11]

akumulatory kwasowo-ofowiowe. Przedstawiono uzasadnienie koniecznosci analizy pracy
zasobnikow energii, szczegotowo omowiono model matematyczny ogniwa kwasowo-
oltowiowego oraz zaprezentowano przyktadowq analize zachowania sie takiego ogniwa
podczas jazdy samochodem elektrycznym.

Burzynski D., Kasprzyk L., ,,Use of LabVIEW software for electromagnetic calculation of
induction motors”. Computer Applications in Electrical Engineering. 2015, vol. 13,
s. 364-375. (6 pkt. MNISW).

W artykule przedstawiono mozliwosci wykorzystania oprogramowania LabVIEW do
obliczen elektromagnetycznych silnikow indukcyjnych. Podano rowniez najwazniejsze
zaleznosci opisujgce parametry elektromagnetyczne dla rozpatrywanych silnikow wraz
z zastosowanym algorytmem obliczeniowym. Opracowano i szczegétowo opisano aplikacje
wykorzystywanq do obliczen elektromagnetycznych silnikow indukcyjnych z wirnikiem
nawijanym z rowkami w ksztalcie kropli. Na podstawie przedstawionego algorytmu
zaimplementowanego w  srodowisku LabVIEW wyznaczono parametry obwodu
magnetycznego dla silnika trojfazowego o mocy znamionowej 2,2 kW.

Materialy konferencyjne:

[DB-12]

[DB-13]

[DB-14]

Kasprzyk L., Burzynski D., Lewandowska A., Pietracho R., ,,Modelowanie pracy ogniw
paliwowych w pojazdach wodorowych”. XXX Sympozjum Srodowiskowe PTZE:
Zastosowania elektromagnetyzmu we wspotczesnej inzynierii i medycynie — \Warszawa,
Polska: Polskie Towarzystwo Zastosowan Elektromagnetyzmu. 2021, s. 133-135.
(5 pkt. MEIN).

Pietracho R., Kasprzyk L., Burzynski D., ,,Electrical propulsion systems in vehicles — an
overview of solutions”. Applications of Electromagnetics in Modern Engineering and
Medicine (PTZE 2019): IEEE. 2019, s. 130-135. (20 pkt. MNiSW).

W artykule opisano nowoczesne technologie stosowane w przemysle motoryzacyjnym
w  zakresie rozwoju uktadow napedowych pojazdow. Przedstawiono przykiady
zastosowania hybrydowych uktadow napedowych dla trzech grup pojazdow: lgdowych,
morskich

i powietrznych. Opisano koncepcje rozwigzan technicznych i wyszczegolnion0 potencjalne
korzysci wynikajgce z modyfikacji tradycyjnych uktadow spalinowych na elektryczne.

Burzynski D., Kasprzyk L., ,,The operation and capacity fade modelling of the lithium-ion
cell for  electric  vehicles”. ESS  Web of  Conferences. 2019,
vol. 108, s. 01017-1-01017-10. (5 pkt. MNiSW).

W artykule poruszono zagadnienia zwigzane z modelowaniem pracy i utraty pojemnosci
ogniw litowo-jonowych. Obejmuje on prezentacje modelu elektrochemicznego ogniwa,
w  ktorym omowiono zjawisko dyfuzji 1 przenoszenia ladunku na elektrodach
i w elektrolicie. Przedstawiono model obwodowy ogniwa przeznaczony do analizy jego
zachowania w warunkach dynamicznie zmiennego obcigzenia. Scharakteryzowano
kluczowe procesy starzeniowe zachodzgce podczas eksploatacji ogniw oraz omowiono ich
wplyw na zuzycie ogniwa. Opracowano model procesu zuZycia ogniwa litowo-niklowo-
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[DB-15]

[DB-16]

[DB-17]

[DB-18]

[DB-19]

manganowo-kobaltowego. Parametry modelu zalezg od temperatury otoczenia, wartosci
prgdu obcigzenia oraz wartosci Sredniego prgdu tladowania. Wyniki modelu zostaty
zweryfikowane z pomiarami laboratoryjnymi.

Burzynski D., Ghluchy D., Godek M., ,Wplyw temperatury na parametry procesu
fadowania z wykorzystaniem technologii Quick Charge oraz trwato$¢ ogniw litowo-
jonowych”. Poznan University of Technology Academic Journals. Electrical Engineering.
2018, Issue 95, s. 309-320. (9 pkt. MNiSW).

W pracy podjeto tematyke wplhwu temperatury na parametry procesu ladowania
[ trwatos¢ ogniw litowo-jonowych tadowanych z wykorzystaniem technologii Quick
Charge. Opisano stosowane obecnie techniki szybkiego {tadowania oraz procesy
starzeniowe zachodzgce w ogniwach litowo-jonowych. Przeprowadzono pomiary
parametrow ogniwa w trakcie procesu tadowania dla dwoch roznych temperatur. W pracy
przedstawiono rowniez wnioski dotyczgce przeprowadzonych badan.

Burzynski D., Kasprzyk L., ,,Modelling and simulation of lead-acid battery pack powering
electric vehicle”. E3S Web of Conferences. 2017, vol. 14. (15 pkt. MNiSW).

W artykule przedstawiono wybrane aspekty metod modelowania magazynoéw energii na
przykltadzie akumulatora kwasowo-olowiowego do zasilania pojazdu elektrycznego.
Omowiono najczesciej stosowane magazyny energii, ze szczegolnym uwzglednieniem
trudnosci w ich wlasciwym doborze do urzqdzen mobilnych. Przedstawiono rowniez model
matematyczny akumulatora kwasowo-olowiowego oraz zaleznosci opisujgce jego
poszczegolne parametry. Wybrany magazyn energii poddano szczegdtowej analizie pod
wzgledem parametrow elektrycznych i cieplnych podczas zasilania pojazdu elektrycznego
w standardowym cyklu jazdy na terenie miejskim. Symulacje przeprowadzono
w srodowisku Matlab Simulink.

Kasprzyk L., Burzynski D., ,Techniki modelowania ogniw elektrochemicznych
stosowanych w pojazdach elektrycznych”. XXVII Sympozjum Srodowiskowe PTZE:
Zastosowania Elektromagnetyzmu w Nowoczesnych Technikach i Medycynie —
Mierzecin, Poland. 2017, s. 113-115.

Kasprzyk L., Burzynski D., ,,Wyznaczanie parametrow schematu zastgpczego
akumulatoréw elektrochemicznych z wykorzystaniem spektroskopii impedancyjnej”.
IC-SPETO 2017: XL Migdzynarodowa konferencja z podstaw elektrotechniki i teorii
obwodow, Gliwice-Ustron, 17.05.2017 — Gliwice, Polska: Politechnika Slaska, Wydziat
Elektryczny, Instytut Elektrotechniki i Informatyki. 2017, s. 71-71. (20 pkt. MNiSW).

W artykule przedstawiono metody wyznaczania parametrow obwodow zastepczych
elektrochemicznych magazynow energii na podstawie danych pomiarowych uzyskanych
technikq elektrochemicznej spektroskopii impedancyjnej. Omowiono zagadnienia zwigzane
z modelowaniem procesow elektrochemicznych, zachodzgcych w baterii litowo-jonowej,
z wykorzystaniem obwodow elektrycznych.

Kasprzyk L., Burzynski D., ,Modelowanie zachowania si¢ akumulatora kwasowo-
otowiowego podczas jazdy samochodu elektrycznego z wykorzystaniem S$rodowiska

39



MATLAB”. Poznan University of Technology Academic Journals. Electrical Engineering.
2016, Issue 86, s. 255-265. (9 pkt. MNiSW).

W pracy omowiono problematyke modelowania zachowania si¢ zasobnikow energii
W pojazdach elektrycznych na przyktadzie akumulatora kwasowo-otowiowego.
Przedstawiono zagadnienia magazynowania energii elektrycznej w obiektach mobilnych,
zwracajgc  uwage na  problematyke  doboru  magazynow do  odbiornikow
charakteryzujgcych si¢ duzq dynamikq zmiennosci pobieranej mocy. Ponadto
zaprezentowano szczegotowy model akumulatora kwasowo-otowiowego, umozZliwiajgcy
precyzyjng symulacje jego pracy, a takze zaleznosci opisujqce parametry modelu. W pracy
przedstawiono rowniez wyniki symulacji pracy akumulatora wyznaczone przy uzyciu
srodowiska MATLAB Simulink.

[DB-20] Kasprzyk L., Bednarek K., Burzynski D., ,Symulacja pracy akumulatora kwasowo-
olowiowego zasilajacego pojazd elektryczny”. 6th International Symposium on Applied
Electromagnetics SAEM’16 & XXVI Sympozjum Srodowiskowe PTZE Zastosowania
Elektromagnetyzmu w Nowoczesnych Technikach i Medycynie, Wroctaw 26-29 June
2016 — Warszawa, Polska: Polskie Towarzystwo Zastosowan Elektromagnetyzmu. 2016,
s. 127-129.

[DB-21] Burzynski D., Kasprzyk L., ,,Aplikacja napisana w $rodowisku LABVIEW stuzgca do
wyznaczania wspotczynnika uzwojenia maszyny indukcyjnej”. Poznan University of
Technology Academic Journals. Electrical Engineering. 2015, Issue 83, s. 107-112.
(9 pkt. MNiSW).

W artykule zaprezentowano aplikacje stuzgcqg do wyznaczania wspétczynnika uzwojenia
maszyny indukcyjnej, stworzong w Srodowisku LabVIEW. Przedstawiono zaleznosci
opisujgce wspotczynnik uzwojenia oraz omowiono szczegotowe algorytmy wyznaczania
wspotczynnika uzwojenia trdjfazowej maszyny indukcyjnej dla uzwojen o catkowitej
i utamkowej liczbie Ztobkow przypadajgcej na kazdy biegun i pasmo. Na podstawie
przedstawionych algorytmow zaimplementowanych w srodowisku LabVIEW wyznaczono
przyktadowe wspolczynniki uzwojen dla trzech wybranych rozwigzan konstrukcyjnych
silnikow indukcyjnych.

4.3. Pozostala aktywnos¢ naukowa

Autor wykazuje si¢ aktywnosciag naukowg realizowang w roznych instytucjach naukowych,
réwniez zagranicznych. Autor jest cztonkiem rady recenzentéw czasopisma Electronics bedacego na
liscie JCR oraz wielokrotnie recenzowat prace dla czasopism:

e Energies (4),

e Electronics (3),

e Batteries (1),

e Sustainability (1),

e World Electric Vehicle Journal (1),

e E3S. Web of Conferences (3),

e Poznan University of Technology Academic Journals (4).
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Dwukrotnie bral udziat w przygotowaniu wniosku do NCBIR w ramach programu
INNOMOTO o dofinansowanie projektu na budowe pojazdu elektrycznego.

Autor brat wielokrotnie udzial w konferencjach krajowych (,,Zastosowanie Komputerow
w Elektrotechnice” w latach 2015-2018) oraz mig¢dzynarodowych (,,Energy and Fuels” w latach
2016, 2018 oraz ,International Conference on the Sustainable Energy and Environmental
Development”
w roku 2017).
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5. Informacja o osiagnieciach dydaktycznych, organizacyjnych oraz
popularyzujacych nauke

W roku 2019 Autor byt opiekunem merytorycznym projektu w ramach Szkoty Letniej dla
studentow z Indii pod nazwa ,,Mikroprocesorowe sterowanie przeptywem pradu miedzy
hybrydowym magazynem energii a odbiornikiem”. W ramach aktywnosci dydaktycznej Autor od
wielu lat jest opiekunem i rozwija laboratorium Magazyndéw Energii znajdujace si¢ w Instytucie
Elektrotechniki i Elektroniki Przemystowej. Ponadto opracowal stanowiska laboratoryjne oraz
materiaty dydaktyczne 1 instrukcje ¢wiczeniowe na potrzeby realizacji zajg¢ laboratoryjnych
z przedmiotu Magazyny energii i systemy hybrydowe realizowanego na kierunku energetyka. Brat
aktywny wudziatl w kole naukowym PUT Solar Dynamics podczas badan zwigzanych
z akumulatorami elektrochemicznymi. Kilkukrotnie byt koordynatorem praktyk studenckich.

Autor prowadzi nastepujace =zajecia dydaktyczne na studiach stacjonarnych oraz
niestacjonarnych I i II stopnia, a takze zajecia w ramach programu Erasmus:

Studia stacjonarne | stopnia:

Teoria obwodow — ¢wiczenia

Technika mikroprocesorowa — laboratorium

Komputeryzacja projektowania w elektrotechnice — laboratorium
Programowanie obiektowe — laboratorium

Elektrotechnika i elektronika — laboratorium

Magazyny energii i systemy hybrydowe — laboratorium

Studia stacjonarne 11 stopnia:

Technika mikroprocesorowa — laboratorium

Technika mikroprocesorowa — projekt

Wybrane zagadnienia techniki mikroprocesorowej — laboratorium
Wybrane zagadnienia elektrotechniki — ¢wiczenia

Programowanie obiektowe w elektrotechnice — wyktad

Nowoczesne systemy magazynowania i przetwarzania energii — wyktad

Studia niestacjonarne | stopnia:

e Komputeryzacja projektowania w elektrotechnice — laboratorium
e Teoria obwoddéw — ¢wiczenia

Studia niestacjonarne 11 stopnia:

e Programowanie obiektowe i bazy danych — laboratorium
e Programowanie obiektowe w elektrotechnice — wyktad

Erasmus:

e Object-oriented programming in electrical engineering — wyktad
e Object-oriented programming in electrical engineering — laboratorium
e Electromobility and energy storage — laboratorium
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6. Inne informacje wazne z punktu widzenia kariery zawodowej

W  okresie od 04.01.2021 do 31.03.2021 Autor odbyt staz w firmie
Messor Sp. z.0.0., podczas ktorego bral udziat w  badaniach  akumulatorow
litowo-jonowych oraz pracach zwigzanych z opracowaniem funkcjonalnego modelu akumulatora,
stuzacego do zasilania pojazdu elektrycznego typu UTV. Od poczatku pracy naukowej autor
uzyskiwat §rodki na finansowanie dzialalno$ci naukowej w ramach Dziatalno$ci Statutowej Mtoda
Kadra, Dziatalnosci Naukowej Mloda Kadra oraz Badania Naukowe finansowane z subwencji
badawczej (SBAD):

e Badania Statutowe Miloda Kadra (2016) — ,,Badanie wybranych parametrow elektrycznych
akumulatorow kwasowo-otowiowych” — Kierownik projektu

e Badania Statutowe Mloda Kadra (2017) — ,Badanie i analiza wybranych parametréw
elektrycznych akumulatorow litowo-jonowych oraz superkondensatorow’ — wykonawca

e Badania Statutowe Mloda Kadra (2018) — ,Badania i analiza uktadu akumulator-
superkondensator wspotpracujacego z odnawialnymi zrodtami energii” — Kierownik projektu

e Dzialalno$¢ Naukowa Mtoda Kadra (2019) — ,,Badania i analiza trwatosci ogniw litowo-
jonowych” — wykonawca

e Dzialalnos¢ Naukowa Mloda Kadra (2020) — ,,Modelowanie procesu zuzycia ogniwa litowo-
jonowego podczas statych warunkow obcigzenia” — wykonawca

e Dzialalno§¢ Naukowa Mloda Kadra (2021) — ,,Analiza uzyskoéw energii elektrycznej z paneli
bifacjalnych w r6znych konfiguracjach montazowych” — wykonawca

e Subwencja Badawcza (SBAD) (2022) — ,.Generacja, magazynowanie i przetwarzanie energii
z wykorzystaniem wybranych uktadéw elektrycznych” — wykonawca
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Zalacznik 1. Wartosci dobranych parametréw pracy cyklicznej.

Wariant Temperatura Prad Glebokos¢ Sredni prad Dotychczasowy
otoczenia roztadowania roztadowania fadowania stan zuzycia
() (A) (%) (A) (%)
1 10 2,6 73 2,4
2 10 2,6 50 2,4
3 10 2,6 27 1,8
4 10 2,6 100 2,3
5 10 7,8 100 2,6
6 10 5,2 60 1,8
7 10 2,6 67 1,7
8 15 2,6 100 2,0
9 15 5,2 100 2,3
10 15 7,8 100 2,8
11 15 5,2 50 2,2
12 15 2,6 50 2,1 Dla wszystkich
13 15 5,2 100 18 ogniw SOH
14 25 10,4 100 2,0 rawieral _Siq
w przedziale
15 25 7,8 100 2,8 100-80
16 25 5,2 100 2,7
17 25 2,6 100 2,0
18 25 7,8 100 1,8
19 25 5,2 100 2,0
20 25 2,6 100 3,1
21 25 52 50 2,2
22 25 5,2 16 2,4
23 40 7,8 100 2,8
24 40 52 100 2,7
25 40 2,6 100 2,4
26 40 2,6 100 3,5
27 25 2,6 100 33
28 40 3,9 100 2,6

48



4SOH/dNeq (%) dSOHIdNeq (%) dSOH/dNeq (%

4SOH/dNeq (%) dSOH/dNeq (%) dSOH/dNeq (%)

} dSOH/dNeq (%)
o

Zalacznik 2. Weryfikacja modelu - poréwnanie odpowiedzi
eksperymentalnymi dla danych uczacych.

Nr1 Nr2
0.1 0.1
0.05 0.05
0 1]
100 95 90 85 80 100 95 90 a5 80
Nr5 Nré
0.2 0.1
0.15
0.1 0.05
0
100 95 90 85 80 100 95 90 85 80
Nr9 Nr 10
0.1
0.05 0.04
0.02
0 0
100 95 90 85 80 100 95 90 a5 80
Nr13 Nr 14
0.2 0.4
0.2
0
100 95 90 85 80 100 95 90 85 80
Nr17 Nr 18
0.02 0.2
0.01 0.1
0 1]
100 95 90 85 80 100 95 80 a5 80
Nr 21 <1073 Nr 22
0.03 4
0.02
0.01 2
0 0
100 95 90 85 80 100 95 90 85 80
Nr 25 Nr 26
0.1 01
0.05 0.05
] 0
100 95 90 85 80 100 95 S0 a5 80
SOHact (%) SOHact (%)

;e .
modelu z wartoSciami
Nr3 Nr4
04 02
0.05 01
0
100 95 % 85 80 100 95 90 85 80
Nr7 Nr8
015
04 o1
0.05 0.05
0 0
100 95 9% 85 80 100 95 90 5 80
Nr 11 Nr 12
ot 0.1
005 0.05
0 0
100 95 % 85 80 100 95 90 85 80
Nr 15 Nr 16
01 0.04
005 0.02
0
100 95 %0 85 80 100 95 a0 85 80
Nr 19 Nr 20
02
004
002 01
0
100 95 % 85 80 100 95 90 85 80
Nr 23 Nr 24
005 0.04
0.02
0
100 95 9% 85 80 100 95 90 8 80
Nr 27 Nr 28
0.04
0.2 0.03
0.1 0.02
0
100 95 % 85 80 100 95 90 85 80
SOHact (%) SOHact (%)
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Zalacznik 3. WartoSci parametréow pracy cyklicznej oraz wyniki wstepnych obliczen.

1D T. lg leh_avg DoD FECiot RUE, w RUE, w A RUE, Eih ot
ogniwa BoL EoL
© A (A) (%) Q] ) ) (%) (Wh)
H5 18,9 2,6 2,08 100 83 0,872 0,687 18,5 2302
A3l 29 78 2,62 100 184 0,827 0,418 40,9 3451
D11 17,8 2,6 2,47 50 183 0,545 0,545 0 3435
B37 20,9 2,6 2,35 100 72 0,872 0,709 16,3 1516
A30 17,8 2,6 2,4 73 149 0,776 0,663 11,3 2753
H2 16,6 2,6 18 27 275 0,304 0,304 0 5029
A36 251 52 2,09 50 426 0,536 0,536 0 8002
D14 23,9 2,6 2,15 100 130 0,88 0,74 14 2517
B40 30,3 52 2,2 100 1054 0,875 0,55 325 19804
A35 32,5 78 2,52 100 664 0,865 0,33 53,5 12449
A20 25,7 5.2 1,81 100 209 0,942 0,704 238 3933
C33 32,7 2,6 3,04 74 306 0,789 0,749 4 5765
H10 33 2,6 2,78 74 344 0,795 0,759 3,6 6478
H9 353 2,6 2,85 100 226 0,945 0,752 19,3 4254
D16 43,2 78 2,64 100 905 0,911 0,294 61,7 16978
B32 39,7 5,2 2,66 100 676 0,922 0,672 25 13573
D1 33,2 5,2 2,38 16 3984 0,165 0,165 0 74901
A24 36,6 52 2,18 50 1721 0,546 0,546 0 32340
D4 29,2 2,6 12 100 1908 0,982 0,786 19,6 36109
C26 36,4 5,2 19 100 909 0,97 0,689 28,1 17083
A23 36,6 78 1,74 100 557 0,939 0,221 71,8 10458
H12 58,6 7.8 2,68 100 587 0,931 0,533 39,8 10993
H1 53,8 78 1,88 100 563 1,005 0,504 50,1 10555
D6 50,1 2,6 3,46 100 375 1,046 0,813 233 7048
B35 475 2,6 2,37 100 702 1,057 0,848 20,9 13206
A38 52,5 52 2,54 100 960 1,002 0,717 28,5 18034
H13 62,1 78 3,11 75 716 0,744 0,564 18 13409
C10 32,6 2,6 2,61 100 1460 0,995 0,798 19,7 27446
D2 33,7 2,6 3,2 100 160 0,934 0,742 19,2 3028
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Zalacznik 4. Dane dotyczace cytowalnosci poszczegdlnych artykulow naukowych w wybranych

bazach naukowych.
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Highlights

Abstract

* A new non-parametric useful energy model for
long-term prediction was developed.

* Developed model takes into account the lifetime
degradation of the cell.

* Identification of three types of RUEc evolution
over exploitation period of the cells.

* XAl techniques were used to quantify effect of
model parameters on RUEc.

» The proposed methodology can be applied to
electrochemical cells of other types.

The paper deals with the subject of the prediction of useful energy during the cycling of a
lithium-ion cell (LIC), using machine learning-based techniques. It was demonstrated that
depending on the combination of cycling parameters, the useful energy (RUE,) that can
be transferred during a full cycle is variable, and also three different types of evolution of
changes in RUE, were identified. The paper presents a new non-parametric RUE,, prediction
model based on Gaussian process regression. It was proven that the proposed methodology
enables the RUE, prediction for LICs discharged, above the depth of discharge, at a level
of 70% with an acceptable error, which is confirmed for new load profiles. Furthermore,
techniques associated with explainable artificial intelligence were applied to determine the
significance of model input parameters — the variable importance method — and to determine
the quantitative effect of individual model parameters (their reciprocal interaction) on RUE,,
— the accumulated local effects model of the first and second order.

Keywords

This is an open access article under the CC BY license
(https://creativecommons.org/licenses/by/4.0/) (Mol

cycle life modelling, lithium-ion battery, machine learning, predictive models, useful
energy prediction.

1. Introduction

In recent years, it is possible to observe a rapid increase in
the demand for equipment designed for electric energy storage.
At present, it is estimated that the highest increase refers to the in-
dustry branch related to electromobility, where solutions based on
lithium-ion batteries are currently dominant [40]. It is predicted that
by the end of 2030, the demand for batteries will increase ten times in

this sector alone [13, 41].

The prevailing share of lithium-ion batteries on the market follows
primarily from their ability to transfer energy quickly and effectively,
whereby this ability is successively increased owing to the dynamic
development of electrochemical battery technology [7].

The key issue related to the operation of these storages is their life.
Degradation of lithium-ion cells (LICs) is a consequence of aging
processes which take place during cycling, and also during the storage
period [4, 54]. Out of more than a dozen identified aging phenomena,
lithium plating, formation, evolution and dissolution of the solid elec-
trolyte interface, as well as electrolyte decomposition, particle gas-
sing and corrosion of the current collectors are the pre-dominant con-
tributors to the degradation process [56]. Without interference in the
LIC structure, the effects of the aging processes may be determined
through the loss in charge throughput and the increase in internal re-

sistance (or impedance).

E-mail addresses:

1.1. Related papers

Based on the current state of knowledge, it can be concluded that
in the case of LICs, usually separate degradation models are devel-
oped for cycling (cycle life) and storage period (calendar aging). The
calendar aging models usually include two parameters: the ambient
temperature (7;) at which a cell is stored and the state of charge (SoC)
[2, 3, 23, 64]. On the other hand, degradation models during cycling
are multi-parameter models — their parameters include: values of
discharge/charge current (//1,,), depth of discharge (DoD), cell tem-
perature (7,) or ambient temperature, as well as the charge or energy
throughput (expressed most frequently as the number of full equiva-
lent cycles — FECs). At this point, it must be emphasised that some of
these parameters are correlated with each other and their effect on the
amount of energy throughput of LICs is non-linear [38]. The above-
mentioned facts make analysing and predicting the LICs’ ability to
transfer energy over the period of their lifetime highly complicated
and require advanced methods [21]. In addition to this, testing elec-
trochemical cells is very time-consuming due to their life. The testing
of a single variant may last even a few years. For this reason, a more
and more frequent practice is to conduct the testing under conditions
which result in their accelerated degradation (e.g. under an increased
load or at extreme temperatures), and then to predict their operational
parameters under the assumed operating conditions [8, 12].
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It is possible to distinguish two main approaches in the model-
ling of LICs’ degradation: physico-chemical models and empirical
models. The physico-chemical models usually consist of several
partial differential equations, by means of which, the effect of the
respective aging processes on the capacity fade of LICs is mod-
elled. Examples of such models, for the Li,CoO, cell can be found
in papers [37, 45, 50]. The advantage of physico-chemical mod-
els is the possibility of mapping changes taking place in each part
of a LIC as a consequence of cycling, however, the identification
of their parameters and implementation are highly complicated.
A frequent approach among researchers is the use of methods based
on regression [16, 36, 48, 53, 58]. In such models, in the majority of
cases, the effect of selected cycling parameters on LIC degradation
is analysed. A paper by [15] studied the effect of certain parameters
of the charging half-cycle, the charge currents (/) and final charge
voltages (U,;), on the process of the actual capacity fade of a LiCoO,
cell. The testing was conducted at one charge current level (1C) and
at a temperature of 25°C. Xiong et al. [67] developed a model which
enables prediction of the remaining useful life of a battery (RUL) for
a LiNiCoAlO, cell. The tests were conducted under conditions of ac-
celerated aging — at discharge currents /,= 1C and /, = 2C and at
temperatures 7, = 25°C and T, = 40°C. Effect of fluctuating ambient
temperature on the capacity loss process of LiFePO, cell was inves-
tigated and modeled in the paper [33]. In paper [35] Dessaint et al.
implemented two multi-parametric models which allow for the deter-
mination of the maximum number of cycles which may be carried out
by LiNiMnCoO, and LiFePO, cells, depending on the actual cycling
parameters (I, 1., DoD, T,). On the other hand, in paper [57] Wang
et al. took into account the charge throughput in addition to typical
cycling parameters (I, 1., DoD, T,) to determine the capacity fade of
a LiFePOy, cell.

Among other approaches related to the modelling of degradation
during LIC cycling, it is necessary to mention the destructive method
based on the Palmgren-Miner damage accumulation theory [11,46]
and the non-destructive method based on electrochemical impedance
spectroscopy (EIS). Zhang et al. [69] proposed a forecasting meth-
odology for the RUL of lithium-ion batteries using EIS and Gaussian
process regression (GPR). In turn, Saha et a/. in [47] used EIS and the
Bayesian statistical approach to develop a new RUL method.

Moreover, as methods based on machine intelligence are being de-
veloped, it is possible to observe their more and more frequent use in
problems related to the prediction of operational parameters of LICs
such as, e.g. remaining useful life (RUL) [17, 32, 51] or capacity [43,
49]. These methods are strictly based on data which are usually ac-
quired from many-months of experimental procedures [5, 10, 22, 28,
55]. In [19], Hannan et al. proposed the use of a deep neural network
to determine the SoC for LiNiMnCoO, cells. Li et al. [29] developed
a method for estimating the capacity of LiFePO, cells, based on a
convolutional neural network. Moreover, the use of support vector
machines was proposed in papers by [26, 63] to predict the state of
health (SoH) of batteries. In [24], Li et al. proved that the SoC of a
battery may be predicted with high accuracy by a structure which is a
merger of the neural network and fuzzy logic. In the past, approaches
based on sample entropy [20], fuzzy logic [6] and Rao-Blackwelliza-
tion particle filter [14] have also been used to determine the RUL.

The GPR technique used in that paper had previously been
used to predict the capacity fade or RUL. In [44], Howey
et al. developed a model to predict the capacity fade of a LiCoO,
cell under variable load and temperature conditions. On the oth-
er hand in [52] Hariharan et al. used the deep GPR to estimate the
end of life (EoL) — the chemical composition of the cell was not
specified. GPR was also used to predict battery degradation dur-
ing calendar aging, and this issue was touched upon in paper
by [31].

Because of the fact that, for some designers of systems powered
from cells, SoH is not always a sufficient assessment indicator, other
methods which enable the determination and prediction of the avail-

able power and energy in LICs have been developed recently [39, 65].
In [66], an attempt was made to predict the energy available in the bat-
tery for two cells - LINIMnCoO, and LiFePOy,, using particle filtering.
In a paper by [25], the state of the available energy at different /; and
at different 7, taking into account degradation, was determined for a
Li4Ti50, cell using a circuit model. Dong ef al. [9] developed a state
of energy estimation method for LiFePO, cells using neural network
achieving an error of less than 4%. The analyses were conducted at
different ambient temperatures and discharge currents. In the papers
[30,68] methods based on predictive control theory were implemented
to predict the energy of an LiNiMnCoO, cell and a package of LiN-
iMnCoO, cells. Another approach using an adaptive method based on
an extended Kalman filter to estimate the remaining energy of LiFe-
PO, and LiNiMnCoO, cells are presented in [60, 61]. Wang et al. [59]
proposed a joint estimator based on particle filter to determine both
the state of energy and SoC of the LiFePO, cell. It should be noted
here that the cell parameters studies were conducted with variation in
discharge currents and at four ambient temperature levels. Fractional-
order physics models can be also used to determine the state of energy
with less than 5% error, as demonstrated in the paper [27].

1.2. Key contributions

Although many different approaches have been developed
to date in the aspect of modelling the effects of aging phenom-
ena occurring in LICs, in particular the prediction of available en-
ergy and power, this issue has not yet been sufficiently explored.
In many applications, not only is knowledge of the predicted useful
energy of the LIC over its lifetime required, but also of the predicted
changes in degradation trends. In many research centres around the
world, complex models are currently being developed that take into
account many parameters of cyclic operation, such as ambient tem-
perature, discharge current and, increasingly SoH. For this reason, the
following contributions have been made in this paper:

1) A major contribution is the development of a machine learn-
ing based model that allows long-term prediction of the useful
energy that the LIC is able to transfer during a single duty cy-
cle taking into account its lifetime degradation which is a sig-
nificant improvement of currently existing methods. The pro-
posed model has a new structure of input parameters — given
the negative effect of higher currents during charging proven
in the literature [15], the model separately considers the effect
of discharging and charging current.

2) The result of this research is a new dataset that can be used to
test current methods and develop new predictive methods for
the useful energy or SoH of LICs.

3) A demonstration of the variability of RUE, depending on the
combination of cycling parameters, and also identification of
three types of evolution of changes in RUE, in the period of
operation of the LIC under consideration.

4) For the first time, the following techniques have been used:
explainable artificial intelligence (XAI) — variable importance
(VI) — to determine the significance of parameters of the GPR
model, and accumulated local effects (ALE) — to determine
their quantitative effect on RUE.,..

1.3. Structure of the paper

The remaining part of the paper is organised as follows. Chapter
IT outlines the procedure for obtaining experimental data and deter-
mining the useful energy RUE, and also describes the results of pre-
liminary analyses and calculations. Chapter III presents the applied
methodology, GPR and XAl techniques. The results obtained and the
discussion of the verification procedure are included in chapter IV.
The final remarks and the conclusion are presented in chapter V.
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BoL: Q. determination
according to algonthm 1

Cycling procedure

2. Half-cycle of charging in
CC-CV mode

2

1. Half-cycle of discharging
in CC mode

Cycling time =48h

SoH check: O, determination
according to algorithm 1

SoH<80%

[ EoL criterion reached ]

Fig. 1. Block diagram of the experimental procedure

Algorithm 1: Oy, determination

1. Interruption of the currently running aging variant after
completion of the charge half-cycle (not applicable to BoL)

2. Set the temperature of the cell to 25°C

3. Charging of the cell to 4.2 V with 1.3 A current in
accordance with procedure CC-CV until the current in the
CV phase drops to 0.065 A

4. 15-second break

5. Discharge of the cell to 2.75 V with the -2.6 A current
(CC method)

6. Calculation of the cell capacity using the Coulomb
counting method — equation (2)

2. Data preparation

In order to obtain data related to the ability of LICs to transfer en-
ergy during cycling, they were subjected to aging tests under various
load and temperature conditions. Commercial Samsung 18650 LICs
(cylindrical), with a nominal capacity of 2600 mAh (C,,,,) and nomi-
nal voltage of 3.63 V (U,,,,) were selected for the tests. The cathode
material of the tested cells was composed of LiNij 33Mn 33C00 330,
compound, while the anode was made of graphite.

2.1. Experimental procedure

The procedure presented in Fig. 1 was adopted for the purpose of
performing aging tests. Before starting the aging procedure of each
cell, their reference charge (0, was determined in accordance with
algorithm 1.

Then, each of the cells was subjected to cycling under unique
temperature and load conditions. During the tests, a Panasonic
MIR-254 temperature chamber was used to maintain a constant
ambient temperature. The 7, range in which the cells were cycled
was between 10°C and 40°C. Momentary temperatures of cells
were recorded by means of probes located in central points of the
cells. The discharge half-cycles were completed using the constant-
current (CC) method, while charge half-cycles were completed us-
ing the constant-current constant-voltage (CC-CV) method. Val-

ues /; and [, were selected from the range between -2.6 A and
-7.8 A (for discharge) and between 1.3 A and 7.8 A (during the CC
charge phase). The average charge current from all half-cycles com-
pleted from BoL (SoH = 100%) to EoL (SoH = 80%) was adopted as the
value of charge current during analyses. During the experimental pro-
cedures, LICs were kept in the voltage operating window specified by
the manufacturer, i.e. from 2.75 V (Uy,,) to 4.2 V (U,,). Several DoD
levels were selected ranging between 16% and 100%, with an assump-
tion that DoD is the charge which can be obtained in the given combi-
nation of cycling parameters. For example DoD = 100% corresponds to
a discharge in the full voltage operating window. The interval between
charge and discharge half-cycles was constant and was equal to 15 s.
The cell cycling process was controlled by a Cadex C8000 tester dedi-
cated to electrochemical cells (values of momentary currents, volt-
ages and temperatures of LICs were measured using separate wires).
The current/voltage measurement accuracy amounted to +0.001 A/V
while the temperature measurement accuracy was +0.1°C. To sum up,
29 cells in total were tested at four different 7, (10°C, 15°C, 25°C and
40°C), at 3 different values of 7; (-2.6 A, -5.2 A and -7.8 A) and at 5
different DoD levels (16%, 27%, 50%, 75% and 100%). The average
value of charge current (I, ) ranged between 1.2 A and 3.46 A.
Table I contains detailed values of the cycling parameters adopted
during the aging tests.

The condition for completion of each aging procedure was the deg-
radation of the cell to SoH = 80%. The actual SoH of the cells was
checked every 48 hours under reference conditions (described in al-
gorithm 1) using the following relationship (1):

Qrej
0
SoH = -100% (1)
BoL
TABLE 1
'VALUES OF CYCLING PARAMETERS SELECTED FOR. AND RESULTS OBTAINED FROM INITIAL CALCULATIONS
Cell ID T Is T e DoD FECix RUE.at RUE at A RUE, Etor
BoL EoL
© @ &) D) o o &) D) )

Hs 189 -2.6 2.08 100 83 0.872 0.687 185 2302
it 2 78 262 100 184 0.827 0418 409 3451
Dil 17.8 =26 247 50 183 0.545 0.545 0 3435
B37 209 26 235 100 ) 0.872 0.709 163 1516
A30 17.8 2.6 24 73 149 0.776 0.663 113 2753
H 16.6 26 18 27 275 0304 0304 0 5020
A36 25.1 5.2 2.09 50 426 0536 0.536 0 8002
26 215 100 130 0.8 074 14 2517

=
B40 303 5.2 22 100 1054 0.875 0.55 325 19804
A3S 325 18 252 100 664 0.865 033 535 12449
A20 25.7 52 1.81 100 209 0.942 0.704 238 3933
c33 327 26 3.04 7 306 0.789 0.749 4 5765
HI0 33 2.6 278 74 344 0.795 0.759 36 6478
HO 353 2.6 2385 100 226 0.945 0.752 193 4254
D16 432 7.8 264 100 905 0911 0.204 61.7 16078
B32 39.7 52 2.66 100 676 0.922 0.672 25 13573
D1 332 . 238 16 3984 0.165 0.165 [ 74901
A 36.6 218 50 1721 0546 0.546 0 32340
D4 202 12 100 1908 0.982 0.786 19.6 36109

C26 36.4 52 19 100 900 0.97 0.689 28.1 17083
A3 36.6 18 174 100 557 0.939 0.221 7.8 10458
HI2 58.6 18 2.68 100 587 0.931 0.533 39.8 10993
H1 538 78 1.88 100 563 1.005 0.504 50.1 10555
D6 50.1 2.6 3.46 100 375 1.046 0.813 233 7048
B35 415 26 237 100 702 1.057 0.848 209 13206
A3g 525 5.2 254 100 960 1.002 0717 285 18034
H13 62.1 78 3 75 716 0744 0.564 18 134090
c1o 326 2.6 2.61 100 1460 0.995 0.798 197 27446
D2 33.7 -2.6 32 100 160 0.934 0.742 19.2 3028

where Q,,ris the collected charge, Op,, is the charge collected before
the start of the LIC cycling.

2.2. Useful energy determination

In order to determine the useful energy throughput of a LIC during
a single duty cycle over its entire life, the following methodology was
adopted:

1) The assumption that one complete duty cycle consists of a dis-
charge half-cycle and the immediately following charge half-
cycle.

2) Calculation of the charge throughput during a single duty cy-
cle (collected during discharge Q. and charge Q) using the
Coulomb Counting method, on the basis of equation (2).
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3) Determination of the relative useful energy RUE, through-
put during the duty cycle in accordance with relationship
(3). RUE_=1 means that a cell transferred nominal energy
(18.876 Wh) during a full duty cycle (a discharge followed
by a charge).

4) After each control procedure, determination of the number of
completed full equivalent duty cycles (FECs) for the needs of
the prediction model.

5) Determination of FEC,,, as the sum of RUE, from all com-
pleted LIC duty cycles from BoL to EoL. An assumption was
made that the transfer of nominal energy (18.876 Wh) during
two consecutive charge and discharge half-cycles constitutes a
full equivalent cycle (FEC).

6) Determination of the total energy throughput £, ,,, as a prod-
uct of total charge throughput of LIC, multiplied by its voltage
on terminals:

t
Oenrasen = Qo + [ Lensasen (D)t 2
0

RUE. = stch : Uaveidsch + Qch 'Uaveich 3)
¢ 2 Crwm U,

om

where Q, is the initial charge accumulated in a LIC, U,,, 4 1s an
average voltage during a discharge half-cycle, U,,, ., is an average
voltage during a charge half-cycle, C,,,, is the nominal capacity and
U,om 1s the nominal voltage.

2.3. Initial analysis and calculations

The tests carried out showed that for the LICs discharged to
DoD >70 % the value of the transferred RUE, is variable dur-
ing their considered life. In the case of variants with DoD <
70%, LICs transferred the fixed energy throughout their life
(RUE, = const). Depending on the combination of the values of the
cycling parameters, three types of evolution of RUE, changes were ob-
served during the analysed period of operation: a) approximately lin-
ear, b) a slow decrease in the first phase of life followed by a phase of
accelerated loss of energy transfer, ¢) a characteristic inflection point
occurred after the phase of releasing the assumed charge, followed by
a phase of rapid loss of energy transfer. The phenomena described in
points b) and c¢) were present in cells ”A23”, “D14”, “D16”, “A30”,
“H10”, “A207, “B37”, “H5” and ”C33”. Moreover, it was observed
that the lower the average temperature during full duty cycle (7)),
the more rapidly the process of RUE, loss proceeded. For LICs with
T. > 30C in most cases (except “B35”, “D16” and
“A23”) this phenomenon proceed approximately linearly.
The selected characteristics of the RUE, of cells, in which the effect
described above occurred, are presented in Fig. 2.

For each completed aging variant, it was checked how the ability
of the cell to transfer RUE, decreased. For this purpose, the ARUE,
difference (eq. 4) between RUE, determined at BoL and EoL was cal-
culated.

ARUE, = (RUE, g, —RUE, p,; )-100% (4)

Depending on the cycling conditions ARUE, reached values ex-
ceeding 50% (cells: ”A35”, ”D16”, "H1” and "H23”) which means
that in the period preceding EoL the cells were not capable of trans-
ferring even half of the initial RUE,.. A high value of ARUE,. was ob-
served for cells discharged with a high current (-7.8 A) regardless of
the temperature conditions (average cyclic temperature of the cell).
The lowest values of ARUE, occurred for cycled cells at incomplete
DoD (“A307, “C33”, “H10” and “H13”).

1 s :
—h23
09 e = ——C26
- w@radanon s = H10
08 =
0771
0 RUEc = const linear degradation
w’ 0.6
=
I~ \ .
05t inflection points \\ «— fastdegradation
04t \
\
03f \
\
0.2 ! i : !
0 200 400 600 800 1000

FEC (-)
Fig. 2. Three types of evolution of RUEc trends observed for the tested LIC

Additionally, FEC,,;and E;, ,,, completed by each LIC were deter-
mined and listed for information purposes in Table I. The statistical
values of measuring data and initial calculations are included in Table
II. Raw results of experimental measurements and FEC calculations
of all LICs are available online (raw data: https://data.mendeley.com/
datasets/fzp5Swx28kw/1).

TABLEII
STATISTICAL VALUES OF THE DATA OBTAINED FROM EXPERIMENTAL
AND INITIAL CALCULATIONS

-Tc ]d Ic.& ag DoD R LE;

Parameter
© A& A W O
Missing values 0 0 0 0 0
Minimum 177 <26 1213 73 0221
Maximum 586 -7.8 346 100 1.057

Median 33 -2.6 24 100 0.823
Mean 36.9 -467 223 96.7 0.811
Std. dev. 1041 241 0603 869 0.14

Variance 1083 582 0364 754 0.02
25 %percentile 292 -78 188 100 0.757

75 % percentile  45.5 -2.6 2.6 100  0.907
Number of

3 18 3 211
different values

3. Proposed methodology

3.1. Data pre-processing

An inseparable part of prediction models based on machine learn-
ing is data pre-processing. The techniques used in data pre-process-
ing enable assessment of the quality of the data and their usefulness,
which translates directly into the ability of the created model to learn.
Due to the numerical nature of the data used, it was not necessary to
use methods related to the handling of categorical variables and null
values. Before initiating the machine learning procedure, the data ob-
tained from the experimental measurements were normalised. After
the normalisation, the average value of each of the parameters of the
learning dataset was equal to 0, and the standard deviation was equal
to 1.
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3.2. Proposed model

The amount of RUE_. which LICs are capable of transferring during
a full duty cycle over their lifetime depends on the combination of
values of cyclic operating parameters and the number of completed
FECs. As the tests demonstrated, LICs may have a similar ability
to transfer RUE,. even if they have completed a significantly differ-
ent number of FECs. One additional issue is the fact that the cyclic
operating parameters of a LIC are strongly correlated. For instance
higher values of DoD, I; and 1, 4, result in an increase in the aver-
age temperature of the LIC, which, in turn, determines the amount of
RUE,. Furthermore, the impossibility of separating the impact of the
above-mentioned parameters during a duty cycle makes it highly dif-
ficult to determine the precise effect of individual parameters on the
amount of RUE,.. In this paper, in order to develop a prediction model
for the relative useful energy RUE, the framework presented in Fig. 3
was adopted.

Taking the above-mentioned challenges into account, the author
proposes the use of the non-parametric model, whose structure strictly
matches the form of learning data. This model belongs to the group
of machine learning models (with supervision); it is more frequently
referred to as GPR and is a non-parametric regression technique based
on Gauss processes. This approach has many advantages, the most
important being the lack of requirements to know the distributions of
the model parameters and the correlations between them, and also a
high prediction accuracy even when using a small learning dataset.
Additionally, it forces out the use of techniques which enable the in-
terpretation of the manner in which the implemented non-parametric
model operations. These techniques belong to the so called explain-
able artificial intelligence XAl In this paper, the author have applied
a method that makes it possible to determine the significance of ex-
planatory variables in the model. For the purpose of quantitative de-
termination of the effect which the respective model variables have
on the predicted value (taking into account the correlation of other
parameters), the concept of accumulated local effects (ALE) has been
used.

3.3. Gaussian process regression

Gaussian process regression (GPR) belongs to the group of kernel-
based non-parametric models [42]. In this model, the Gaussian prob-
ability distribution is defined for each finite set of input variables x;:

f ()~ GP(u(x),cov(x,x") ©)

where u(x) is mean function, and cov (x, x’) is the covariance function
(kernel function).

The mean and covariance functions are expressed as:

@ =E(/(x)) (6)

cov(x,x) = E((f () —n(x)(f(x)-p(x))=k(x.x)  (7)

where E is an expected value.

The mean function may be equal to zero and may be a constant or
mean value of the learning dataset. On the other hand, the kernel func-
tion may have various specific forms ranging from the standard ones,
such as constant, linear, radial, squared exponential or matern, as well
as being a composite of multiple kernel functions. The kernel func-
tions contain parameters related to the scaling of responses of model
y and input vector x and are referred to as hyperparameters 6. For the
majority of standard kernels, the hyperparameters include: standard
deviation oyand characteristic length o;. For all the parameters of the
input vector of the model, the characteristic length may be identical
or different.

Fig. 4. Graphic representation of the GPR model

The matching of the structure of the model to the learning set takes
place by defining, for each sample of the learning dataset x; a func-
tion f{x;) having the Gaussian distribution — hereafter called a hidden
variable — and a set of basis functions /(x), which transfer the input
vector x; from the original feature space R?to the extended feature
space R’. The graphic representation of the GPR model is presented
in Fig. 4. The known values (learning dataset) are marked in circles
with continuous lines, while the hidden variables of the GPR model
are mapped using rectangles. The hidden variables are connected by a
thin horizontal line and, taking into account the marginalisation prop-
erty of the model, each data sample (x;, y;) is independent of the oth-
ers. Points (xx, y=) in circles with dashed lines mean new data points.

By using the kernel functions, it is possible to determine how mod-
el prediction y for vector x is dependent on the response in other points
x’. It determines the similarity between the two points (x, x’) in the
scalar form k(x, x"). More details related to kernel functions can be
found in [18].

For the needs of the RUE,, prediction, the following structure of the
model has been adopted:

y(x)=h(x) w+ f(x) +e (8)

where /1(x) is the set of basis functions, w is the vector of basis func-
tion coefficients, ¢ is noise with normal distribution.

Model prediction y takes place on the basis of input vector x " and
the learning dataset:

P(nlf0) ~ N w+ fee®) )

The above-mentioned model may be expressed in the form of a
vector using the following relationship:

P(¥|f.X)~ N(y[Hw+1,107) (10)

where o is the standard deviation, 7, is the identity matrix and:

Xz(xlT sz ---an)T (11)
£=(f0)f(x) = fx)) (12)
H=(h6]) hxd) ~-~h(x,{))T (13)
= 7 (14)
Y=y - va)

Joint probability distribution of latent variables f with an assump-
tion of a zero mean function u(x)=0 is expressed as follows:
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P(f|X)~ N (f]0.K(X.X") (15)

where:
k(x,x ") k(x,x;") k(x5 x,")
k(i) k(xr,x0") oo+ k(xy,x,
K(X,X') — (x2: X ) (x2: X ) ) (x2: Xn ) (16)
k(x,,x") k(x,,x,") k(x,,x,")

The values of the hyperparameters of the kernel function can be
determined by maximisation of the logarithmic membership function
P(y|X) with respect to parameters w,0 and o” using the following re-
lationship:

w,(),cr2 =argmaxlogP(y|X,w,9,62) (17)

w,0,0

Taking into account that:

P(y|x,w,, ,62):N(y|Hw,K(x,x'|, )+162) (18)

the logarithmic membership function may be represented as:

1ogP(y\X,w,),02):—%(y—Hw)T[K(X,X')Ho‘z}?l(y—Hw)—glogZTr—%log‘K(X,X')Hoz‘
(19)
After determining the parameters of the model, the probabilistic

prediction of new values y,,, for a new input vector x,,,, can take
place as follows:

P(ynewa ylxaxnew )

P(y,00ly, X, X )= (20)
( Vlewl ) P(Y| X, Xnew )
where:
P()’new YsX’ Xnew): J_[P(ynew‘fnew!’xnew )D(f Y, > Xnew )dfdfnew
(21)

The individual components of the above integral can be represent-
ed as follows:

P(ynew|4fnew=xnew) = N(ynewlh(xnew)Tw +fnew’o-r2ww) (22)
-1
P(tly.X)= N[fclz((:z+K(X,X') )(y Hw)[ +K(X,X')~ J ] (23)

P(frewlf: X %)= N S K (610, OKX,X)',8)  (24)

where:
A = k(Xyprs Xpens) — KXo, XOK(X, X TK(X, XD ) (25)

Finally the probability density of prediction y,,,, at the new point
Xpery With known y and X is given by the following equation:

P(ynewlysxa Xnew ) = N(ynewlh(xnew)rw + p7638W + 2) (26)
where:

i=K(x.,,.X) (K(X,X')+I<52)_l (v - Hw) 7)

% = k(X X o) — K(xnew,X)(K(x,x')uc) K(X,x (28)

new)

3.4. Variable importance

Variable importance is the technique which allows for the determi-
nation of the significance of each explanatory variable in reference to
its effect on the implemented machine learning model [34,62]. This
concept consists of the determination of the model error by permuta-
tions of the values of each variable. The given variable is significant
if changes in its value cause changes in the model error, as the model
relied on this variable for prediction. If the permutations of the vari-
able do not cause changes in the model error, then it is considered
insignificant. In other words, the more the model relies on a vari-
able to make predictions, the more important it is for the model. The
values of significance of the variables are determined on the basis of
algorithm 2.

3.5. Accumulated local effects

Accumulated local effects (ALE) is the method which al-
lows for the assessment of the relationship between the explana-
tory variables of the model and the predicted value [1,34]. This
concept is based on conditional variable distributions. This
means that mean differences in prediction and not their mean val-
ues are taken into account (as is the case with the partial depend-
ence (PD) concept [34]). ALE reflects the way in which model
forecasts change within the narrow range of values of variables.
This method is particularly useful in the case of sets whose param-
eters are correlated with each other. The ALE function is defined as
follows:

R
ALE(x;) = J. E|:6f(x1, 2)x *zl:|dzl+cl j Ip(x ‘z) f( L 2)dx 2dzy + ¢
min(x) min(x)
29
of (x1,
where partial derivative @ represents the local effect of x; on

prediction function f at (x;,x,), min(x;) is lower value of considered
variable range, c; is a constant selected in order to vertically center
the graph.

Averaging the local effect over the conditional distribution p(x,,x;)
makes it possible to separate the effect of other correlated variables
located outside the considered range of values of variable x;.

In order to determine local effects, the whole range of values of the
given explanatory variable must be divided into multiple intervals.
The “effect” is understood as the difference in prediction calculated
separately for each occurrence of a variable in a given interval. All
differences in the given interval are summed up and divided by the
number of occurrences — this way, the obtained mean difference in
predictions is the “local” effect. Ultimately the value of the accumu-
lated local effect of a given variable is determined by summing up all
the local effects and represents the average change in the prediction
when the value of the variable changes within its range.

322 ExspLoatAc)A | NIEZAWODNOSC — MAINTENANCE AND RELIABILITY VoL. 24, No. 2, 2022




Algorithin 2: Variable importance determination

Input:
X — variables matrix (explanatory variables)
y —vector of predicted values of original data
f—trained model
L(y,f) — loss function (any model performance method)
Steps:
1. Compute the original model error LI=L(y,f(X))
2. For each explanatory variable X;:

a. In order to break the relationship between
variable X; and true predictiony — generate
feature matrix X? by permuting variable X; in the
data X.

b. Compute model predictions ¥ based on the
permuted data

c. Calculate error based on the predictions of the
permuted data L,=L(Y,f(X?)).

d. Calculate variable importance VI,=L;-L,

3. Sort explanatory variables by descending V7
Output:
VI;— variable importance of each explanatory variable

Numerically, ALE for a single variable can be calculated according
to the following relationship:

aEey- 3 Ly | Fed™ = fEaxD ] Go)
k=1 n(k) i:xl(i)eN(k)

where z; represents the boundary of the range of variable x;, N(k)
is the interval [z;_y,z ), k(x;) is the index of the interval to which a
given point of variable x; belongs, n(k), means the number of points
within the interval under consideration, and f'is the prediction func-
tion.

The ALE method also allows for analysis of changes in
the predicted value in the case of interaction of two (ALE
second-order) or more variables (ALE higher-order). In this case, the
main impact of the variables concerned is ignored — only the effect of
their interaction is calculated. For two explanatory variables, the ALE
function may be represented as:

X X

ALE(x,x)= [

min(x; ) min(x;,)

of (x1,%p,x
E Mxl =Z1,X) = Zp led22
axlaxZ

(€2))

and in the numerical form, the above relationship may be presented
as follows:

kKok(n)

ALE(x,x)) = Y, —— Y MaKkmx)) (32)
k=t m=t 22y (6m) ) 2y

where:

A2 (K ke, m,x(3) = [f(zk,l’zm,zfxg,)z} ) - f(zk—l,l’zm,Z’x{({,)z} )}

) ) (33)
_lif(zk,lszm—l,bxg,)z; ) - f(Zkfl,lrszl,zvxg,)z} )J

The rules for the determination of ALE for two variables are identi-
cal to those for one variable, whereby, the intervals are replaced by
rectangular areas due to the necessity of accumulation of local effects

in two dimensions. ALE can also be calculated for the interaction of
three or more variables — the relevant relationship can be found in

paper [1].

4. Results and discussion

The input parameters of the model were the cyclic operating pa-
rameters: the average LIC temperature during the full duty cycle (7,),
the value of current during the discharge half-cycle (/;), depth of dis-
charge (DoD), the value of mean current during the charge half-cycle
(Ieh_avg)- The total aging processes leading to LIC degradation were
included in the model by the number of full equivalent cycles (FEC).
The predicted value was the relative useful energy (RUE,) throughput
of a cell during a full duty cycle.

4.1. Model training

The results of measurements of cycling of LICs, which were cycled
with DoD>70 % (20 LICs in total), were used as the learning dataset.
Cells ”A38”, ”B32”, “B40” and ”H9” were used to verify the model
exclusively. Finally, the learning dataset contained 311 samples, and
the verification set consisted of 99 samples — a fragment of the learn-
ing dataset after initial calculations is presented in Table III. The value
of FEC=0 is equivalent to SOH=100% of the cell, while the last value
of FEC=533 indicates SOH=80% and the accomplishment of the EoL
status.

As the kernel function of the GPR model, the matern 3/2 function
was used, which is expressed by the following equation:

kmat3/2(x7x') :GJZ’ [1 + \/gjexp[_\(/jgrj (34)
!

”
)
where r is Euclidean distance between x and x’.

TABLE III
SAMPLE OF LEARNING DATESET — CELL ,.A23”
T. I; DoD Iiawg FEC RUE.
C) A (% A ) )
366 -78 100 174 0 0905

36.6 -7.8 100 1.74 41 0.871

36.6 -7.8 100 1.74 504 0.371
36.6 -7.8 100 1.74 533 0.221

The values of characteristic parameters oy and o; were de-
termined using the method of optimisation without constraints
(quasi-Newton) and were 0.1687 and 0.7659 respectively, while the
value of the logarithmic membership function was L=713.7. The lin-
ear function type was adopted for the function set /2(x). The coefficient
of determination R’, mean average percentage error MAPE and root
mean square error RMSE were used to assess the model quality. The
above indicators are determined according to the following relation-
ships:

Rz_;(fi—yi)Z

=i — (35)
Z(Yi—J’i)z
i=1
VWi fi
MAPE = —) |=—11.100%
Pl G6)
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RMSE = L33~ £ 67)
i=1

where 7 is the number of samples, f'is the predicted value, y is the
measured value.

The results of the learning process were compared with three su-
pervised machine learning models: a regression tree, a support vector
machine (SVM), and an ensemble of regression trees and are sum-
marized in Table IV. The same input parameter structure was used for
each model, and the predictor parameter was RUE,. For the regres-
sion tree, the lowest RMSE was achieved for a leaf size of 4. It was
observed that increasing the leaf size beyond this value resulted in an
increase in RMSE. For the SVM-based model, the lowest RMSE was
obtained for a Gaussian—type kernel with a characteristic length of
0.56. The model with second lowest RMSE was the ensemble of the
regression trees consisting of a combination of 100 trees with a leaf
size of 5 each and a learning rate of 0.25.

The example characteristics of the three observed types of RUE.,.
evolution for two models with lowest RMSE (GPR model and Ensem-
ble of trees model) are presented in Fig. 5 (a-c). The learning results of
other LICs for all comparative models are included in Appendix A.

As opposed to the model based on Ensemble of regression trees, the
response of the GPR model for each LIC included in the learning da-
taset was within the assumed confidence interval (95%). The MAPE
of the GPR model developed for all samples of the learning dataset
was 0.05%. This proves that the GPR model almost perfectly matches
the learning dataset.

4.2. Prediction

The developed original model was verified using new load profiles
which were not used to train the model. LICs with different mean

a H10
0.81 T
0.8 ————}~—-==-p=-=7°
= .79 1 .~
n° 0.78
=
*  Measure
e —GPR model ;
076! Ensemble of tree§ model \
——-95% Confidence interval ¥
0.75 ' ’ :
0 100 200 300 400
FEC (-)
b 4 D4

% Measure et
0.8 ——GPR model

—Ensemble of trees model
——-95% Confidence interval

TABLEIV
LEARNING PROCEDURE — SUMMARY OF RESULTS FOR DIFFERENT MODELS
MAPE R2 RMSE
Model “ 00
Ensemble of trees 0.73 0.95 0.0311
GPR 0.05 0.99 0.0141
Regression tree 3.54 0.85 0.0551
SVM 272 0.89 0.0465

cycling temperatures (7,) at mean load current of 7, = -5.2 A were
selected for verification. For instance, for 7. > 40°C, the learning da-
taset included LICs loaded with /;,=-2.6 A and I, =-7.8 A (cells "D6”
and "H12”), therefore, the “A38” cell was selected for verification at
higher temperatures. The verification process consisted of the RUE,
prediction by a model of 4 cells in the period between BoL and EoL,
and of comparison of their values obtained during the experiment.
The verification results are presented in Table V, and the character-
istics for the 4 tested cases are presented in Fig. 6. From the results
obtained it can be observed that in two cases (“H9” and “B40”) APE
exceeded 5%. The reason for obtaining higher APE for the indicated
LICs is primarily due to the low number of samples in the learning
dataset containing conditions similar to those under which they were
cycled. For the “H9” LIC the problem is in the near EoL phase. Dur-
ing the charging half-cycle, the average charging current for this LIC
was 2.85 A. The learning dataset contains 29 samples (9.3% of all
samples) with similar values of cycling parameters (especially with
high average charging currents) to “H9” cell. Cell “B40” performed a
high number of FECs (over 1000) while in the learning dataset only
7% of all samples are with similar values (mainly coming from “C26”
LIC, which performed 909 FEC). This compares to 14.1% of samples

075 *
0 500 1000 1500 2000
FEC (-)
c A23
1
08—l
=° 0.6
)
~ *  Measure
04l ——GPR model
" ||~ Ensemble of trees model
——-95% Confidence interval
0.2 : .
0 200 400 600

FEC (-)

Fig 5. Learning results obtained for three observed types of RUE,. evolution
of GPR model and Ensemble of regression trees: a) after about 300
FECs, the cell lost the ability to transfer the fixed energy — the phase
of significant decrease in RUE, takes place, b) under these condi-
tions, throughout the lifetime of the LIC, the decrease in RUE, was
approximately linear, ¢) the phase of slow degradation occurs until
approximately 400 FECs are completed, then it is possible to observe
the phase of accelerated ability to transfer RUE,.

with similar values in the learning dataset for cell “A38” and 14.5%
for “B32”.

In the author’s opinion, the obtained results of the verifica-
tion process confirm the effectiveness of the selected GPR method
for the purpose of RUE, prediction which a LIC can transfer dur-
ing a full duty cycle throughout its life. Only in one test case did
the MAPE slightly exceed 5% (the ”"B40” cell). Also in favor of
the method used, is the fact that despite an almost ideal match-
ing of the model to the learning data, the prediction of RUE, under
new operating conditions for the LIC is possible with little error.
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The GPR model also allows for prediction within ranges exceeding
the ranges of variables of the learning dataset, which is not possible

for some techniques based on artificial intelligence — for instance, —~ o} \"\ |
neural networks or fuzzy logic. o
.::1 -0.05
4.3. Model explanation 0.1k . : : : J
In order to determine the significance of the explanatory variables ke < = T (°C) 2 % 80
of the model, the variable importance (VI) technique was used. RMSE b ¢
was selected as the loss function of L model (eq. 37). The calcula- 005}
tions were repeated 8 times in order to negate the effect of uncer- Ef: of
tainty caused by permutations of values. The obtained results of VI = -0.05
are characterized by a low standard deviation; they were averaged 0.1¢ : : : : . )
and listed in Table VI. Based on the results, the respective model input -8 = © w9 e 3 2
parameters were ordered in terms of their significance - the effect of c &)
FEC on the predicted value of RUE.,, is the highest in the used dataset 0.05
(the highest VI), then the effect of /; and 7, is on a comparable level. X
From among the adopted model parameters, DoD and 1, ,,, have the E O
lowest effect on RUE.,. (in both cases the calculated significance is at 0.05 i i
a similar level). 70 75 80 85 90 95 100
Given the fact that interpretation of the structure of the developed DoD (%)
GPR non-parametric model is very difficult, in order to determine the ¢
effect which the respective model parameters have on the value of 5 0.0%
= .0.02
TABLE V < .0.04
RESULTS OF VERIFICATION PROCEDURE ON NEW LOAD PROFILES -0.06 4 1'5 2 2'5 3 3‘5
caim Tl DoD  Liamg MAPE . Lipavg (A
0 @ %) @) () oo
B40 303 -52 100 22 5.63 @ 0
<
H9 353 -2.6 100 2.85 2.88 2 : : ;
0 500 1000 1500 2000

A38 546 -5.2 100 2.63 2.77 FEC (-)

B32 397 =52 100 247 3.26 Fig. 7. First-order ALE plots for individual model input parameters. a) average
temperature of LIC during the full cycle b) discharge
current ¢) depth of discharge d) average charge cur-

5 B = rent e) full equivalent cycle.
9 T 09w D 4
t =’ 08 /,\\f__*,xh 5 3@ ' o .
5 Z g7 3 " on the result§ obtained, it is possible to deter-

0 200 400 600 800 100 *x Measure| O 200 400 600 800 mine, unambiguously, the effect of 7, on RUE,. —

FEC (-) Model FEC (-) the lowest values of RUE,. are obtained at aver-

- — E40 . _: _Api 1 ic) = age cycling temperatures below 30°C and they
;’u - xixj*j”\* Boelusf IV/A\VJ \ 2 i« L‘:u 09 X % // S increase gradually up to the range of values be-
2 06 =" // ] S 2 o8l e B 5 % tween 30°C and 44°C, where RUE, reaches its
5 %0 400, 60 80 {000 0 5 55 @G0 #5000 258 pegk value and then falls for 7, higher than 44°C

FEC () FEC () (Fig. 7 — a). In the case of values of currents

Iy and Iy, 4, the effect on RUE, is linear. The

Fig. 6. Results of the model verification procedure lower the values of /;and 1., ,,, are, the higher

the RUE,.. is. Furthermore, cycling of the LICs

at /; values lower than -5.2 A and higher than

i s m;‘ggg\xg TN e Y 2.25 A.fO.r Loy ave \yill res.ult in lower Rl.JE?, Valu.es over their lifetime

— the visible breaking point of characteristics (Fig. 7 — b, d). The plot

Parameter i L a Tor g A2 of ALE for DoD showed the linear dependence of this factor on RUE,,
L) @) Ce) o @) (Fig. 7 — ¢). The amount of transferred RUE, drops sharply when the

mean V7 0.120042 0.147175 0.048705 0.056989 0.167583 cells complete more than 500 full equivalent duty cycles (Fig. 7 — e).
std. dev.  0.001375 0.001651 0.000866 0.000554 0.001614 Additionally, the results obtained using the ALE method con-

the RUE, prediction, the author has applied the ALE concept. Fig.
7 (a—e) presents the plots of the first-order accumulated local effects
which determine the impact of individual input parameters of the GPR
model on RUE,. The value of ALE at the given point determines the
difference in prediction in relation to the mean prediction of RUE.,.
ALE=0 represents the mean prediction of RUE,. For instance, for 7,
~25°C, the RUE, prediction will be lower by 0.05 in relation to the
mean prediction which is an exclusive consequence of temperature
(the effect of other cyclic operating parameters is separated). Based

firm the results obtained using the VI technique — the highest dis-
persion of ALE values (from -0.286 to 0.225) is characteristic of
FEC, which is compliant with the highest value of VI for this pa-
rameter. For 7, and T, the differences in relation to the mean pre-
diction vary from -0.114 to 0.08 for /; and from -0.108 to 0.027
for T, respectively, which also correlates with the VI results.
The lowest dispersion of values was observed for 7, ,,, — from
-0.063 to 0.031, which means the lowest effect on RUE, in the used
dataset.

In order to determine the effect of interaction of the model
parameters on RUE,, the values of the second-order accumu-
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lated local effects were determined in the paper for all the pos-
sible combinations of pairs of the GPR model input parameters.
The results obtained in the form of value maps are presented in
Fig. 8 (a—j). Analysis of the interaction effect of model param-
eter pairs showed that the highest influence on RUE, is exerted
by combinations of the following pairs 7.— FEC, I,— FEC and
L), avg— FEC. For instance, for LICs, which completed a large number
of FECs (over 1500) at 7, below 25°C, the differences in relation to
the mean RUE, prediction even amount to -0.4, and at 7, above 50°C
+0.2 respectively (Fig. 8 a). A high level of influence was also shown
by the 1., 40~ FEC pair at around FEC=1350 and 7, ,,,= 3A — the
ALE value in this area reaches up to +0.3 (Fig. 8 d).The level of in-
fluence of the DoD — FEC pair over the entire value range does not
exceed the range between -0.04 and +0.06 (Fig. 8 d). To sum up — the
pairs containing FEC are characterised by the highest influence due
to the highest effect of FEC on RUE,_ which is shown in Fig. 7 —e.
The interaction effect of parameter pairs, i.e. T, — DoD and T, — 1 is
locally at the level of hundredths (+0.02 and -0.015) — Fig. 8 —h,j. On
the other hand, the effect of other pairs is at a negligible level (ALE at
a level of thousandths or lower) — Fig. 8 — e-g,i.

5. Conclusion

The paper presents the author’s prediction model for the use-
ful energy that can be transferred during a single duty cycle un-
der various temperature and load conditions, taking into account
the energy throughput to date by LiNij33Mng33C00330, cells.

APPENDIX

A. Results of the learning procedure — MAPE of comparative mod-
els for individual LICs.
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The methodology presented in the paper allows for the obtain-
ing of a RUE, prediction over the entire LIC life with high accu-
racy, even when learning datasets with a small number of sam-
ples are used. The developed model is resistant to the overfitting
phenomenon — despite an almost ideal matching of the model to
the learning dataset used, the prediction of trends in the evolu-
tion of RUE, is possible under new load and temperature condi-
tions, which has been confirmed by the author with 4 test cases.
The appropriate selection of types for the kernel function k(x, x ") and
basis functions /(x) was critical to achieving the high accuracy of
model prediction.

In comparison to classic modelling techniques, the advantage is
that the model structure does not need to be specified. In fact, this is
the disadvantage of methods based on machine learning - the struc-
tures of such models and their parameters have no physical meaning.
The author proposes a solution for the above-mentioned problem by
using the XAl techniques, which enable determination of both the
significance of model input parameters, and the quantitative determi-
nation of their effect on the predicted value of RUE,.

The information obtained in this way may be used, among other
things, to improve the algorithms used specifically in battery or bat-
tery pack management systems, helping to optimise their operation
and extend their life. What is more, the methodology proposed by the
author can be applied to electrochemical cells with different chemical
compositions.

0.3
0.2
0.1

-0.1

1000
FEC (-)

1500 0 500 1500

(A)

chavg

Fig. 8. Plots of accumulated local effects of the second order for the respective combinations of pairs of model input parameters
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1. Introduction

In recent years we have been witness to a dynamic increase
in the popularity of electrochemical energy storages. This results
both from the intensive development of electrochemical battery
technology and mobile device technology (internet of things or
5G). These devices, despite their greater and greater efficiency,
are characterised by a greater and greater ability to process
information, and thus, the demand for electrical energy.

Electrochemical batteries are used most frequently in mobile
solutions because of their high specific energy (the ability to
accumulate energy per unit mass) when compared to alterna-
tive solutions [1]. This refers to systems which are characterised
both by low and high demands for electricity, e.g. flashlights,
smartphones or electrical vehicles.

In the solutions mentioned above, from among many differ-
ent types of electrochemical cells, lithium-ion batteries (LIB) are
used most frequently. The primary reason for their prevalence is
their ability to rapidly transfer energy and recharge (high power
density), as well as the lifespan, which can even be between
10-15 years [2].

The wide range of the admissible operating currents of these
cells entails the risk of cell overheating - particularly in the case

* Corresponding author.
E-mail addresses: damian.burzynski@put.poznan.pl (D. Burzyriski),
leszek kasprzyk@put.poznan.pl (L. Kasprzyk).
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of larger modules - and even the risk of fire. For this reason, the
cells must be controlled by systems (BMS, battery management
systems) which do not allow their limit operating conditions to
be exceeded, and sometimes, they must also be cooled. It should
also be pointed out that high currents flowing through the cells
during the charging and discharging processes result in their fast
aging.

Therefore, the designers of systems which work together with
LIBs are forced to analyze their behavior under different operating
conditions — modeling. The modeling of their operation allows
for the prediction of their electrical parameters on terminals,
as well as the prediction of temperatures and states of charge
under different conditions. In many solutions, the modeling of the
operation of batteries is also used during the operation of these
systems, e.g. in order to estimate the range of an electrical vehicle
or warn about emergency states [3].

Another area related to the electrochemical cells modeling is
the estimation of their lifetime in relation to operating conditions
(cyclic aging) and storing conditions (calendar aging). Calendar
aging, expressed in units of time (years), is determined by the
manufacturer for given storing conditions. This makes it relatively
easy to estimate the time. Meanwhile, lifetime related to the
cells operation is expressed as the operation cycles number under
specified conditions (at assumed charging and discharging cur-
rents, temperature, depth of discharge, etc.). The cells operating
conditions change permanently, therefore the calculation of cell
life is a very complex issue that has not yet been sufficiently
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studied, especially in the case of LIBs. For this reason, this paper
deals with the issue of determining the cells state of health
(SOH). The measure of the state of health is the parameter (SOH)
expressed as the ratio of the current cell capacity to its initial
capacity (new cell), usually expressed in percentage. Most often,
a cell is considered to be worn out when the SOH is below 80%.

The ability to determine the electrochemical cells lifespan is
a key factor influencing the control algorithms of cell manage-
ment systems (BMS) that control cooling/heating processes and
algorithms in cell charging and loading systems. The lifespan
is also a key factor when selecting energy storage for a given
load profile. Incorrectly determining the lifetime can lead to costs
related to overloading the cells and the need for their accelerated
replacement (if the storage is of insufficient capacity) and costs
related to their initial purchase (if the storage is of excessive
capacity).

For this particular reason, this paper deals with the issue of
modeling cells SOH. For this purpose, the capacity of a set of
LIBs was measured at assumed parameters of cyclic operation,
their lifespan was determined, and then their wear was predicted
using an originally developed model based on machine learning,
taking into account their wear history and the influence of current
values of parameters of cyclic operation.

2. Literature background

Lifespan of electrochemical batteries is limited due to the
physicochemical changes taking place in them. These changes
are usually irreversible, take place both during cyclic operation
and during self-discharge and can significantly affect the batteries
energy efficiency. Physicochemical processes on which battery
operation depends are associated with the undesirable aging
processes. Among them, the most dominant are the processes
related to the formation and evolution of the passive layer on
the electrodes (called as solid electrolyte interface - SEI) and the
phenomenon of metal particle deposition on the anode (lithium
plating) [4]. Other aging processes may also occur, such as corro-
sion of the current terminals, particle gassing or the electrolyte
decomposition. The course of the above processes may differ
depending on the actual operating conditions of the battery (am-
bient pressure and temperature, as well as the intensity and
duration of the electric field). The above-mentioned aging pro-
cesses can occur at different rates and strictly depend on the
values of cyclic operation parameters (related to environmental
conditions, load conditions, and the actual SOH of battery). Aging
of batteries may be accelerated when it is used at tempera-
tures significantly different from nominal, as well as aside from
the nominal voltage range (which directly results in an increase
in the SEI layer). Operating batteries at low temperatures and
charging them with high currents accelerate the lithium plating
phenomenon, which results in a gradual loss of active mass of the
electrodes and a reduction in the ability to transfer the charge [5].
On the other hand, too deep discharging may result in corrosion
of the current collectors.

Due to the complex nature of aging processes and the fact that
they can occur simultaneously so far this process of degradation
has not been sufficiently investigated and detailed analysis is not
possible during the battery life. For practical applications, two
parameters are most frequently used that enable the analysis of
battery SOH (without interfering with its internal structure) —
capacity or internal resistance [6].

Issues related to SOH modeling are currently being addressed
in many research centers all over the world. . The modeling of
the state of health of the LIB is most frequently based on the
results of experimental data obtained using measuring equipment
dedicated to working with electrochemical cells, in combination
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with a climatic chamber in order to ensure stable environmental
conditions. Some of the conducted research work is devoted to
calendar aging during which the impact of ambient temperature
and the current state of charge (SOC) is investigated. Examples of
calendar aging models for LiFePO,4, LiNiCoAlO, and LiNiCoMnO,
cells can be found in [7].

In the case of the modeling of the state of health of LIBs
during their cyclic operation, this issue is much more complex.
The difficulty consists of the necessity to take into account many
factors of cyclic operation which include, above all: ambient
temperature (T,), values of charging and discharging currents
(Icn/1dsch), depth of discharge (DOD) and current state of health
(SOH ). In specific situations, also the impact of high pressure
and vibrations has been subject to investigation [8,9]. The as-
pect of analysis and modeling of the state of health (SOH) is
affected by the fact that the impacts of the factors mentioned
above are usually strongly non-linear [10] and the degradation
patterns may differ depending on their current values. For this
reason, it is possible to find simplified regression models in many
papers [11]. These models usually take into account the impact
of selected factors on the process of degradation of a cell [12,13].
For instance, in papers [14,15] a proposal was made that during
the modeling of the state of health, it is necessary to take into
account, above all, the ambient temperature and the average
value of the load current. Paper [16] investigated the increase
in internal resistance and the capacity fade of the LiFePO4 cell,
depending on the ambient temperature, average state of charge
(SOCqyg ), depth of discharge as well as charging and discharging
currents. However, the developed model is applicable at temper-
atures of 25 °C and 40 °C and does not take into account the
current state of health. Papers [17,18] investigated the impact
of selected cyclic operation factors on the LIBs aging process
and separate mathematical functions were developed for them.
Paper [19] demonstrated the non-linear impact of the value of the
charging current. The concept of SOH determination of batteries
based on the damage accumulation model is also currently being
developed and presented in the papers [20-22].

In recent years, SOH prediction models have also been de-
veloped. These models use various types of non-deterministic
methods such as e.g. artificial neural networks (ANN) - feedfor-
ward [23] or recurrent [24], fuzzy logic systems and machine
learning systems [11-13]. In comparison with regression models,
there is no necessity in this approach to develop functions (often
very complex), describing the LIBs degradation depending on
cyclic operation factors. As a consequence of this, the possibility
of analyzing the model's structure is limited and inability to
predict SOH beyond the range of the training data. One example
of a paper where an artificial neuron network was used to predict
the effects of LIBs’ degradation is [25]. In this paper, the non-
destructive technique was used to investigate the aging effects,
that is, the electrochemical impedance spectroscopy (EIS). On
the other hand, in papers [26,27] the fuzzy logic systems were
applied to determine the SOH and SOC of lithium-ion batteries
and lead-acid batteries. An examples of data-driven approach
used for on-line SOH estimation during driving patterns were
presented in [28,29]. In [30] the sample entropy method was
successfully used to analyze the capacity fade and identification
the non-linearities between the parameters of cyclic operation of
batteries. In paper [31] the use of a model based on improved
autoregression by particle swarm optimisation was proposed to
predict the capacity fade patterns of lithium-ion cell without
taking into account the parameters of cyclic operation. In turn,
in [32,33] a method of SOH prediction was developed using the
support vector machine (SVM).

The Gaussian process regression technique described in this
paper has been used before for the purpose of prediction of SOH



D. Burzyriski and L. Kasprzyk

Table 1
Properties of the analyzed lithium-ion cell.
Model 18650 (cylindrical)
Manufacturer Samsung
Nominal capacity 2.6 Ah
Nominal voltage 363V
Anode material Carbon
Cathode material LiNig 33Mng 33C0g 33
Voltage range 275 -42V

of lithium-ion cells only in short-term periods [34], or under
variable environmental or load conditions [35]. This technique
was also used during high-dimensional reliability analyzes [36].

The models developed so far have not taken into account
the actual state of health of LIBs as consecutive duty cycles
are performed. Analysis carried out by the authors of this pa-
per demonstrated that this factor has a significant impact on
the evolution of degradation trends, which has also been men-
tioned in [31,32]. With this in mind, the proposed model took
into account the SOH,; which allowed, among other things, for
the correct prediction of characteristic inflection points on SOH
characteristics.

3. Experimental procedure

This chapter includes a description of the method imple-
mented for conducting LIB aging tests (Section 3.1), presents the
algorithm for the procedure during the reference capacity mea-
surements (Section 3.2) and presents the methods used for data
pre-processing and statistical analysis (Section 3.3). A general
block diagram of experimental procedure is presented in Fig. 1.

3.1. Cycling procedure

Due to the fact that the degradation of LIBs depends on the
values of the parameters of a full duty cycle, aging tests were con-
ducted using commercial 18650 lithium-ion cells (LiNig 33Mng 33
Cog.33). Selected properties of the tested cell have been presented
in Table 1.

During the aging tests, the cells were cycled inside the temper-
ature chamber, which ensured a constant ambient temperature.
The manufacturer of this cell recommends discharging current
values that do not exceed 5.2 A (double one-hour current) as
well as 1.3 A for standard charging and 2.6 A for fast charging,
however, taking into account the time input needed to investigate
many variants of operation — the authors decided, in some cases,
to select values of cyclic operation which would exceed the
values recommended by the manufacturer in order to force out
their accelerated degradation. Regardless of the adopted values
of discharging currents, the final discharging voltage was 2.75 V,
while the final charging voltage in the constant voltage (CV)
phase was 4.2 V (as per the manufacturer’s guidelines). The CC-
CV method was used as the method of charging the LIBs. The
cyclic operation control during aging tests was ensured by battery
testers dedicated to the electrochemical cells. Measurements of
the electrical parameters of LIBs were performed on four wires
(separate wires for the measurement of amperage and for the
measurement of voltage on cell terminals). During the cycling of
LIBs, their temperature was also measured using Pt100 probes
located on the enclosure in the middle of their height. In order
to obtain the degradation characteristics for LIBs under different
loads and temperature conditions, the authors selected values of
cyclic operation parameters (ambient temperature, charging and
discharging current values and depth of discharge) over a wide
range. During the aging tests, the ambient temperature ranged
between 10 °C and 40 °C, the value of the average charging
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current ranged between 1.61 A and 3.48 A, depth of discharge
(DOD) was between 16% and 100%, values of discharging currents
ranged between 2.6 A and 10.4 A, and the values of the actual SOH
ranged between 100% and 80%.

The values of the cyclic operation parameters selected during
the LIB testing have been listed in Table 2.

3.2. Capacity reference test

In order to determine the actual state of health (SOH:),
the cells were periodically subjected to capacity reference tests
(CRTs), based on which their current capacity was determined.
The interval between the consecutive CRTs was determined on
the basis of observation of the rate of degradation of the cells and
was 2 days. During the performance of the CRTs for all the LIBs
under consideration, the following procedure was used:

1. Interruption of the currently implemented cyclic procedure
after completing a discharging half-cycle.

2. Determination of the nominal cell temperature equal to
25 °C.

3. Charging of the cell to 4.2 V according to the constant
current-constant voltage (CC-CV) procedure. The initial
value of the charging current in the constant current phase
was 1.3 A. The cell was charged until the value of the
current in the constant voltage phase reached 5% of the
initial value.

4, 15-second pause.

5. Discharging of the cell using the constant current (CC)
method, to a voltage equal to 2.75 V - with a 2.6 A current.

Based on the capacity determined in this manner, the current
state of health was determined according to the following rela-
tionship

- 100% (1)
BoL

where Cp, is the capacity measured at the beginning of life (BoL)

of the cell, and C, is the current cell capacity.

Capacity is determined using Coulomb counting method which
relies on the integration of the current drawn from the cell over
time [37].

The condition for the termination of each aging test was the
achievement of the end of life (EoL) criterion by the LIB, which
was SOH=80%.

On completion of the CRT procedure we propose to deter-
mining the cell aging (dSOH/dNeq) as the quotient between SOH
obtained in the previous and actual CRT and the number of full
equivalent cycles performed between the previous and actual CRT
according to the following relationship

SOH,re — SOH it

dSOH /dNeq =
Neqpre — Neqact

(2)
where SOH . is the state of health obtained in the previous CRT,
SOH, is the state of health obtained in the actual CRT, Neq,,
is the number of performed equivalent full cycles before the
previous CRT, Neq,; is the number of performed equivalent full
cycles before the actual CRT.

This approach makes it possible to take into account the capac-
ity fade during the cyclic operation of the cell and to accurately
determine the cell aging from BoL to EoL.

Due to the hysteresis phenomenon occurring during the cyclic
operation of electrochemical batteries (for a given battery state of
charge, the voltage at the terminals is higher during the charging
half-cycle as compared to the discharge half-cycle and it is the
higher current value [38]) when determining the number of full
equivalent duty cycles, we decided to calculate the energy sepa-
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| |
I l I
Full cycle I !
I Calculate SOH ¢ I
number < 50 I I
N
= SOH.et < 80%
End of Life
Fig. 1. A general block diagram of experimental procedure.
Table 2
Values of cycling parameters selected for aging procedures.
Variant number Ambient temperature  Discharging Depth of Average charging Actual State of health (%)
(°C) current (A) Discharge (%) current (A)
1 10 2.6 73 2.4
2 10 2.6 50 2.4
3 10 2.6 27 1.8
4 10 2.6 100 2.3
5 10 7.8 100 2.6
6 10 52 60 1.8
7 10 2.6 67 1.7
8 15 2.6 100 2.0
9 15 5.2 100 2.3
10 15 7.8 100 2.8
11 15 5.2 50 2.2
12 15 2.6 50 2.1
13 15 5.2 100 1.8
14 25 104 100 20 for all tested LIBs the SOH
}2 gg zg 188 5575 range was 100-80
17 25 2.6 100 2.0
18 25 7.8 100 1.8
19 25 5.2 100 2.0
20 25 2.6 100 3.1
21 25 5.2 50 2.2
22 25 5.2 16 2.4
23 40 7.8 100 2.8
24 40 5.2 100 2.7
25 40 2.6 100 2.4
26 40 2.6 100 35
27 25 2.6 100 33
28 40 3.9 100 2.6

rately during the charge and discharge half-cycle according to the

following equation

Udsch_avg : stch + Uch_avg N Qch

Neq =
Unom . Qrot

(3)

where Ugsch_avg 1S the average cell voltage during the discharg-

ing half-cycle, Qg is the charge obtained during discharging,

Uen_avg is the average cell voltage during the charging half-cycle,
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Fig. 2. Histogram of learning dataset.

Q. is the charge obtained during discharging, Un.m is the cell
nominal voltage, Q. is the nominal charge during the full cycle.
In accordance with the above assumptions, one full equivalent
duty cycle comprise transfer of energy equal to the rated energy
during two consecutive half-cycles (charging and discharging).

3.3. Data pre-processing

Prediction models based on machine learning require appro-
priate data preparation. For this reason, a set of raw data was
processed into the form of a learning dataset. Because of the
fact that there were no missing values in the data, the authors
did not use missing values handling techniques. All values in the
dataset are of numerical type and were standardised (values have
standard deviation of 1 and mean of 0). Fig. 2 presents histograms
for the analyzed parameters of the cyclic operation of the LIBs.

Before proceeding with the statistical analysis, the zero hy-
pothesis Hy and alternative hypothesis H; were defined:

Hp - “Parameters of cyclic operation have no impact on the aging
of a LIB”

Hy - “Parameters of cyclic operation have an impact on the aging
of a LIB”

In order to determine the effects of the impacts of the re-
spective factors of the full duty cycle of the LIB on dSOH/dNeq,
the non-parametric test based on Spearman’s ranks was used
(the authors made the assumption that this impact is non-linear,
which has also been proven in other research papers [8,25,30]).
For all samples of the learning dataset, the values of Spearman’s
rank correlation coefficient ps were calculated and the results
were listed in Table 3.

The highest value ps was obtained for the actual SOH, which
gives the highest impact on dSOH/dNeq from among all the ana-
lyzed factors. The impact of the actual SOH can be determined
as moderately strong (|ps|>0.6). The second highest impact is
exerted by the ambient temperature, and the discharging current
and average charging current (both at similar levels). The impact
of the ambient temperature can be determined as moderate
(0.6>]ps|>0.3). The lowest impact was demonstrated by the depth
of discharge, charging current and discharging current (|s/<0.3).

In order to verify the hypotheses mentioned above, the p-value
which is related to the statistical significance of the test result
was used. If the p-value obtained during the test is lower than
the assumed level of significance «, then there are basics to reject
the zero hypothesis and adopt the alternative hypothesis [10].
Otherwise there are no reasons to reject the zero hypothesis.
o = 0.05 was assumed as the significance level. The p-values
for the conducted test have been presented in Table 3.

As has been shown in Table 3, for all the analyzed param-
eters of cyclic operation, the p-values have values lower than
the adopted significance level, which allows for the rejection of
the zero hypothesis and proves the validity of the alternative
hypothesis - “Parameters of cyclic operation have an impact on
the aging of a LIB”.

4. Proposed approach

The modeling of the state of health of LIBs may be divided
into parts — calendar aging and cyclic duty aging. Due to the fact
that it is possible to find many papers devoted to the modeling of
calendar aging. For this reason in this paper, research was limited
to the modeling the cyclic aging. As has been demonstrated in
earlier research, the aging of LIBs depends on the factors of cyclic
operation — ambient temperature, depth of discharge, charging
and discharging currents values and the actual state of health.
Bearing in mind that as the passive layer of a graphite electrode
evolves, its resistance increases [39], causing faster reach of the
constant voltage phase during the charging process and thus
a shorter time of constant current phase - it is impossible to
maintain a constant value of the charging current for the same
time as the cell age. For this reason we adopt the average charging
current in the model during the charging half-cycle. We have
shown that in specific combinations of values of parameters of
the full duty cycle, dSOH/dNeq increases linearly in relation to
the actual SOH. The effect was observed in 18 tested variants. In
the remaining 10 variants, characteristic inflection points were
observed. After these points were reached, accelerated or de-
celerated aging of the LIB took place. Examples of the obtained
characteristics have been presented in Fig. 3.
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Table 3
Values of Spearmans coefficients for all cycling parameters.
Ambient Discharging Depth of Average charging Actual
temperature current Discharge current State of Health
dSOH/dNeq —0.4170 0.2398 —0.1363 —0.2800 —0.6240
p-value <0.000001 0.000161 0.03371 0.000009 <0.000001
0.3 4.2. Gaussian process regression
0.25 s GPR belongs to the group of probabilistic non-parametric
—E—variant no.18 4 kernel-based models [40,41]. For each finite set of input variables
variant no.28 - xi,i=1,2,...,n,n € NT it defines the probability distribution
£ 02y ~variant no.27 / p(f(x;)), which is jointly Gaussian (4). In other words GPR allows
g - /ﬂ for the prediction of the response of model y’ based on the given
Z0.15 2 L/ input vector X and the learning dataset (y, x).
g N
3 o N F(x) ~ GP(m(x), cov(x, X)) (4)
£ Q where m(x) is the mean function, cov(x, x/) is the covariance
0051 yd function and x is the vector of input variables, x € R.
L e—a e 5 s . In GPR, for each learning dataset x; function f{x;) (called the
o= : : latent variable which has the Gauss distribution) and function
100 95 90 85 80

SOH (%)

Fig. 3. Examples of aging patterns of the analyzed LIBs.

The marker (a) was used to mark the characteristic of the
LIB (variants no. 1-7, 9-10, 12-13, 16-17, 19-22, 24 and 27
from Table 2), whose aging increases linearly as its actual SOH
decreases. The characteristics which contain inflection points are
shown as (4), in which a fast aging phase followed a slow degra-
dation phase (variants no. 8, 14-15, 18, 23 and 25 from Table 2)
and as (M), in which the opposite effect was observed - a slow
degradation phase followed a fast aging phase (variants no.26 and
28 from Table 2). Identification of the causes of the occurrence of
inflection points at specific combinations of values of factors of
the full duty cycle is very complicated in view of the fact that it is
impossible to separate the impact of these factors during the cycle
and to test them separately. At the same time this is currently
one of the greatest challenges when it comes to issues related to
the prediction of dSOH/dNeq LIBs. Fig. 4 shows a flowchart of the
respective steps of the proposed method.

4.1. Cycle-life non-parametric model

In view of the fact that dSOH/dNeq depends on the value of
many cyclic operation factors, and moreover, this impact is often
of non-linear nature, it is very difficult to develop a mathematical
relationship which determines the impact of these factors on
dSOH/dNeq. For this reason, the authors, for the purposes related
to the prediction of dSOH/dNeq in the function of factors of the
full duty cycle (ambient temperature, discharging current, depth
of discharge, average charging current and actual state of health)
propose the use of the non-parametric model based on Gaussian
process regression (GPR).

This technique is based on machine learning and may deliver
good results in the case of small learning datasets as well. As
opposed to parametric models, this approach does not require
knowledge of the distribution of the analyzed factors and the an-
alytic form between them. A great advantage of non-parametric
models is the matching of the model form to the learning dataset.
The accuracy of the prediction may also be easily increased by
adding new learning data. Owing to this, it becomes possible to
achieve more accurate forecasts than in the case of mathematical
models. On the other hand, the interpretation of non-parametric
models is limited or in certain cases almost impossible.

h(x), which is the set of base functions that transfer the input
vector x from the original feature space R to the extended feature
space RP were determined.

The mean and covariance functions used in GPR can be ex-
pressed as

m(x) = E (f(x)) (5)
cov(x, x) = E ((f(x) — m(x)) (f(x) — m(x))) = k(x, X') (6)

where E is the expected value.

The covariance function cov(x,x’) is, in this approach, referred
to as a kernel function. The kernel function receives two points
(x,x') as input and returns a similarity between these points in
the form of scalar k(x,x’). In other words, it determines how
response y at point x is affected by responses at other points x'.
It is possible to distinguish many different forms of kernel func-
tions. The examples of standard kernel functions may include,
e.g. rational quadratic (10), exponential (11), squared exponential
(12), mattern 5/2 (13) or mattern 3/2 ((14) - see Appendix A).
The standard kernel functions contain parameters related to the
scaling of the responses of model y and input vector x and are
referred to as hyperparameters 6.

The following structure of the model was adopted for further
considerations

y(x) = h(x)'w + f(x) + ¢ (7)

where h(x) is the set of basis functions, w is the vector of basis
function coefficients, ¢ is the noise which has normal distribution

e ~ N(0, 0}?) (8)

The relationships for determining the response using GPR
model are included in Appendix B.

4.3. Results

The non-parametric regression method discussed in
Section 4.2 was used to predict the aging of cyclically operating
LIBs. The input variables of the model included: ambient temper-
ature (T,), value of discharging current (I;), depth of discharge
(DOD), value of average charging current during a half-cycle
(Ich_avg) and the actual state of health of the cell (SOH). The
output variable of the model was the aging of the cell converted
into the equivalent duty cycle (dSOH/dNeq). The learning dataset
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Fig. 4. Flowchart of the proposed method for SOH prediction.

Table 4

Data sample of learning dataset.
T, (°0) Ia(A) DOD (%) Ich_avg(A) SOH,(%) ~ dSOH/dNeq (%)
25 52 50 2.08 92.5 0.02383

was constructed on the basis of measurement results and cal-
culations presented in Sections 3.1 and 3.2 and contained 252
samples in total (learning dataset used in this paper is available
online at: http://dx.doi.org/10.17632/k6v83s2xdm.1). An exem-
plary data sample of the learning vector X has been presented
in Table 4.

During the experiment, the impacts of selection of the type
of base function h(x) and the type of kernel function k(x,x’) on
the quality of prediction were also analyzed. In order to evaluate
the model, the following indicators were used: mean absolute
percentage error (MAPE) and root mean square error (RMSE)

1 n
MAPE = - Z

i=1

Yi —Vip

Yi

- 100% (9)

where y; is the measured value, y;, is the predicted value, n is the
number of data samples.

The best obtained results for the learning dataset, the maxi-
mum value of the marginal log likelihood function L and optimal
values of hyperparameters for each kernel function have been
listed in Table 5, while the detailed characteristics of aging for

each LIB learning dataset have been presented in Fig. 5. To deter-
mine the optimal values of hyperparameters (o), oy and «) the
unconstrained optimisation method (quasi-Newton) was used.

4.4, Verification

The second part of verification of the model consisted of
subjecting the cells to a randomly variable load. First cell (test A)
was cycled at an ambient temperature of 10 °C and at a constant
DOD equal to 16% (Neq = 0.32), and second (test B) was cycled at
ambient temperature equal to 15 °C at a constant DOD equal to
48% (Neq = 0.96). Values of charging currents were drawn from
the range from 2 A to 4 A and discharging currents from —2 A to
—6 A. The number of draws of the respective values of currents
for the duty cycle for both cell was listed in Table 6.

A drawn sequence of duty cycles was introduced into model
5, and then a simulation of the degradation of the LIB during
cyclic operation from SOH = 100% to SOH = 80% was performed
(the only breaks were related to the CRT performance). APE was
used to evaluate the prediction. The obtained results have been
presented in Fig. 6.

5. Discussion

The use of the non-parametric SOH prediction model of LIBs
made it possible to map the trends in their aging depending on
the values of the parameters of cyclic operation. The developed
method is an improvement to the existing methods for SOH
prediction. However, it requires knowledge of the actual SOH of
the LIB. The impacts of the base function h(x) and the kernel
function k(x,x’) were considered in the paper in different configu-
rations. In each variant, the trained model was a learning dataset
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Fig. 5. Results of verification of the learning dataset (model 5).
Table 5
Results of evaluation on learning dataset.
Kernel h(x) MAPE (%) R%(-) L(-) RMSE (-) of (-) o1 (-) a (-)
model 1 RQ constant 6.03 0.96 661.4 0.0116 0.1812 3.806 0.1029
model 2 M5 constant 5.15 0.96 659.6 0.0117 0.0584 1.7764 -
model 3 Exp constant 0.07 0.94 589.7 0.0149 0.1956 113,53 -
model 4 SE linear 7.37 0.96 670.4 0.0117 0.0477 1.1251 -
model 5 M3 linear 2.27 0.96 661.1 0.0119 0.0984 242 -
Table 6
Currents drawn for second stage of verification.
Current (A) Number drawn (test A) Number drawn (test B)
-2 1354 202
-3 1514 227
—4 1643 192
-5 1620 236
—6 1491 190
2 2408 344
3 2722 351
4 2513 356
a b
100 [—— ! ! . . 4
BRI 135
95t " 13
*  measured SOH . R §
predicted SOH 125 0o W
9 —e—prediction APE % 58
T 90 . 12 g g
3 8 =
. 115 B ‘§
o @
851 11
) 10.5
80 . . . . ' = 0 I | | 0
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Fig. 6. Results of second stage verification - cycling LIBs by random load currents: (a) test A, (b) test B.
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Fig. 7. Areas of wrong predictions at: (a) model 1, (b) model 2.

including 252 samples obtained on the basis of measurements of
the degradation of 28 LIBs (Table 2).

The first three models contained constant base functions at
kernel functions: rational quadratic (model 1), mattern 5/2 (model
2) and exponential (model 3) respectively. In the case of model 1,
MAPE exceeded 6%, which was caused, above all, by the mistaken
prediction of the degradation of the cell from variant no. 28 at
high (above 95%) and low (below 83%) SOH,- these areas are
marked by an ellipsis in Fig. 7(a).

This problem also appeared in model 2—MAPE = 5.15%. Model
3 is characterised by the smallest (MAPE = 0.07%) error among all
the analyzed models. The application of the exponential kernel
function resulted in the prediction characteristics going perfectly
through the learning points. Because of the overfitting, the mod-
els with exponential kernel functions were not taken into account
in further analyses.

Models 4 and 5 contained linear base functions at kernel
functions, i.e. squared exponential (model 4) and mattern 3/2
(model 5) accordingly. Model 4 is characterised by the biggest
error (MAPE = 7.37%) among all the analyzed models. In this
case, predictions with the largest errors referred to cells no. 28
and no. 22 - Fig. 7(b). Model 5 (MAPE = 2.27%) was selected
for the second stage of verification, whereby its prediction val-
ues matched the general cell degradation patterns in the best
way (degradation characteristics are in close proximity with the
learning points), and this is presented in Fig. 5.

Because of the fact that LIBs are used more and more com-
monly to power objects characterised by variable load consump-
tion in time (e.g. electrical vehicles), and to work together with
sources which use renewable energy (RE) [42], the second stage
of verification was aimed at the simulation of their degradation
under random load conditions. During the whole period of sim-
ulation, the absolute prediction error (APE) in both cases did not
exceed 5% which is a satisfactory result in the opinion of the au-
thors. Furthermore, the model correctly determined the inflection
point after which the fast aging phase was observed (which for
both verified cases occurred at approximately Neq = 800), which
confirms its practical usefulness.

The methodology presented in the paper can be used to de-
velop SOH prediction models for electrochemical batteries oper-
ating cyclically of other types. These models can be successfully
implemented in battery management systems and thus extend
their current functionality (mainly related to protection against
overcharging, overdischarging and overheating).

The greatest advantage of the proposed method compared
to other knowledge-based models (for example artificial neural
networks or fuzzy logic models) is the possibility of extrapolation.

6. Conclusion

The considerations presented in the article refer to the issue
of the prediction of the state of health of LIBs at specific cyclic
operation parameters. The modeling of the state of health of LIBs
is a complex issue because of the necessity to take into account
many parameters of the full duty cycle (thermal and electrical
ones). For this reason, with some many input parameters, models
based on machine learning are best suited for the prediction of
the state of health of LIBs. Bearing in mind the current state of
knowledge of the authors, the prediction model of the SOH devel-
oped in this paper is the first model which takes into account the
previous history of the LIB aging and the impacts of actual values
of cyclic operation factors. The conducted test demonstrated that
the model also enables the correct detection of characteristic
inflection points, after which, the fast aging phase takes place,
which is currently the subject of many research papers.

The method proposed by the authors is a new solution, which
allows for the prediction of the state of health of LIBs at different
load patterns, with a relatively small learning dataset. During the
verification of the model under conditions of randomly variable
load, the obtained prediction error during the entire lifespan of
the both LIBs did not exceed 5%. One of the most important
aspects of the GPR method is the proper selection of the base
function and kernel function. As the conducted tests demon-
strated — the improper selection of these functions may lead to
the poor generalisation of knowledge and the occurrence of the
overfitting phenomenon.
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Appendix A

Kernel functions used in the analysis:
1. Rational quadratic

2\
kro (x,x) =0? [ 1+ 11
o () = (14 57 ()
2. Exponential
r
kexp (x, %) = 0% exp [ —— 12
EXP( ) Of XP( 61) (12)
3. Squared exponential
T
, 1(x—%x) (x—%)
ksoexp (%, X') = af2 exp ——% (13)
2 o
4, Mattern 5/2
5r 512 5r
k x,X)=0? 1+ — 4+ — Jexp| ——— 14
MAT5 ( ) i o 302 p o (14)
5. Mattern 3/2
J3r J3r
kMATB (X, X/) = O'fz 1+ T _— (15)
I

ol

where r is the Euclidean distance between x and x’, o; is the
characteristic length scale, of is the standard deviation, « is the
scale parameter («>0).

Appendix B

The GPR model response can be determined by following

relationship:
P (yIf. X) ~ N(y[HW + f, oI (16)

where [ is the identity matrix, n is the number of training data
samples.

v=(» » v ) (17)
f=(f(x1) f(x) foa) )’ (18)
X=(x « ) (19)
H=( h(x]) h) hxt) )’ (20)

The joint probability distribution of latent variables in the GPR
model, with the assumption of the zero average function m(x) =
0 is described by

P (f|X) ~ N(f|0, K(X, X)) (21)
where
k(x1,x7)  k(x1,x5) k(x1, x;,)
KX, X)) = k(x2,x7)  k(x2, x5) k(x2, x7,) (22)
k(xn, x7)  k(xq, X5) k(xn, x,)

The values of the hyperparameters of the kernel functions were
determined by maximising the marginal log likelihood function
P(y|X) in relation to parameters w, 6, o2

log P(y|X, w, 6, o)

1 T ’ 2y 171
—E(y—Hw) [K(X,X') + 0°1 ]

1
% (y — Hw) — glogZN — 5 log [K(X. X))+ o1 (23)

10
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With the known parameters of the GPR model, the probabilistic
prediction of value yy., for new values of the input vector X,ew
requires the determination of P(Ynew [y, X, Xnew)

P(Ynew YVIX, Xnew)

24
P(y|X, Xnew) (24)

P(Ynewly, X, Xnew) =
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Abstract:  This article describes the analyses of modeling the wear process of

lithium-nickel-manganese-cobalt cells operating cyclically under constant load conditions. The main
aging processes taking place in cells and the methodology of the modeling are discussed. The process
of cell wear is examined, taking into account the influence of cyclic operating parameters (temperature,
discharge current, and discharge depth). On the basis of the analyses carried out, a new function
reflecting the influence of ambient temperature on the durability of the cell is proposed. A new fuzzy
model of the wear process of the NMC 18650 type cell, depending on the parameters of the discharge
half cycle, has been developed. The results of the model have been verified by experimental research.

Keywords: lithium-ion cell life; battery modeling; cycle life modeling; fuzzy modeling

1. Introduction

The first electrochemical cells were designed, built and described more than 200 years ago, but it
was only in the last three decades that the emergence of lithium-ion cells contributed to the dynamic
growth of their popularity. The areas of their application are constantly expanding, and the most
common are currently mobile electronic devices, various types of e-mobility solutions (especially
electric vehicles), uninterruptible power supply systems, and systems cooperating with renewable
sources of electricity [1]. Where the cost of cell purchase is significant and the load is characterized by
high dynamics of change, the analysis of cell behaviour, both in electrical and thermal aspects, is very
important [2,3]. For this purpose, various types of cell models are being developed all over the world,
the most popular of which are electrochemical [4,5] and circular [6-8] models. At their core, all kinds
of battery management systems are functioning, which allows the prediction of currents and voltages
at cell terminals and the state of charge, while they control the charging process in a way that ensures
safety. Without such systems, the cells could wear out excessively.

Another very important aspect of cell modeling is determining the state of health (SOH) of cells,
both for economic and ecological reasons. Up-to-date research on this issue is important, because
knowledge of the cell wear process can be used to design systems powered by electrochemical energy
storage to optimize their operation, extend the time of proper battery operation, and thus reduce
the consumption of rare earth elements. For this reason, many papers on modeling the process of
lithium-ion battery consumption are found in the literature [9-12].

In this work, we focused on the issue of modeling the SOH of lithium-ion NMC cells. Due to the
fact that for most types of cells, ageing models during storage are already developed [13,14], this paper
deals with the issue of modeling the process of lithium-ion cell wear resulting from cyclic operation.
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The analysis of cell wear resulting from cyclic operation should take into account many factors that
have a significant impact on its SOH, related to temperature, electric field strength and current density
in the electrolyte, double layers, and electrodes [15]. The issue is also hampered by the fact that the
nature of this impact is strongly nonlinear. Therefore, in some works, numerous simplifications of
the models were made, for example, [16] reported that during SOH modeling it is mainly the amount
of electric charge exchanged by the cell that must be taken into account. In [17,18], models of cell
SOH were proposed for cells operating at a constant temperature or under a constant load. Many
sources suggest taking into account different operating parameters, but assume only their averaged
values during the cycle. In [9], it was assumed that the effect of temperature on SOH is a polynomial
of the third order, whereas discharge currents, charging currents, and depth of discharge (DOD) are
exponential or power [11,19]. For the average state of charge (SOCgyy), linear or polynomial functions
of the second order are assumed [16,20]. In [20], it was indicated that when the cell is operating with a
dynamically changing load, the DOD changes should be considered separately for the charging and
discharging processes. In [21], the nonlinear influence of the value of the charging current was also
proved. The aforementioned works either lack consideration of important parameters of cell cyclic
operation or address them too narrowly. It is against this background that we undertook to develop a
model of cell wear process depending on ambient temperature, the value of discharge current, and the
depth of discharge.

Taking all these parameters into account makes the identification of model coefficients difficult
and time-consuming. A certain solution to the problem of creating complex mathematical functions,
enabling the analysis of cell ageing, and determining the coefficients of these functions is the use of
fuzzy logic. For this reason, we proposed the use of a fuzzy Mamdani system to analyze the state
of consumption, which is a new approach to issues related to the modeling of the consumption of
lithium-ion cells.

2. Aging Processes in Lithium-Ion Cells

Aging processes take place throughout the life cycle of lithium-ion cells, both in cyclic operation
mode and in the storage state. These processes take place in the whole of the cell area, i.e., on
the electrodes, in the electrolyte, and in the contact area between the phases of the electrodes
and the electrolyte. According to many research papers, at least a dozen aging processes may be
indicated, and their causes may have different physical characters (e.g., thermal, chemical, and
electrochemical) [22,23]. Table 1 presents the dominating aging processes occurring in lithium-ion cells
as a result of electrochemical processes.

Table 1. Main aging processes taking place in lithium-ion cells (Adapted from [24]).

No. Name of Process

1 Formation, build-up, fracture and reformation of the solid electrolyte interphase (SEI)
2 Corrosion of the current collector

3 Decomposition and fracture reaction of the electrolyte and binder

4 Viscoelastic creep of the separator

5 Lithium plating

6 Gassing of the particles

The processes listed in Table 1 occur as a result of the electric charge flow during cyclic cell
operation (charging and discharging processes). The speed of these processes is affected by the
following cyclic operating parameters: cell temperature (T), charging current (I.;), discharge current
(Iz), discharge depth, and average state of charge of the cell. The aging processes responsible for
the formation and subsequent evolution of the SEI layer are caused, among other things, by the use
of the cell in the wrong voltage range (the high value of the final charging voltage is particularly
unfavourable), the cell temperature, and the high current values during charging and discharging.
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Corrosion of the current collector is caused by deep discharge of the cell (below the final discharge
voltage), overcharging of the cell (above the final charging voltage), and storing the cell in an elevated
ambient temperature. Conversely, the process of lithium plating of the cell is mainly caused by cyclic
work in low temperatures. This process can be intensified if the charging current is high in these
conditions. In the decomposition and fracture reactions of the electrolyte and binder, high temperatures
and pressures in the cell, operating with a high state of charge of the cell (SOC), and overcharging of
the cell can be triggers. Gassing occurs especially in the final phase of cell charging. The higher the
temperature of the cell and the higher the charging current, the more intensively this process occurs.
Aging processes can also be caused by various types of mechanical damage to the cell structure, for
example, vibration or high pressure [25]. They can lead to viscoelastic creep of the separator. The use
of mechanically damaged cells is particularly dangerous. In addition to the unstable operation of the
cell in these situations, there is also a high risk of fire. Without interfering with the structure of the cell,
the effects of these processes can only be analyzed by parameters such as internal resistance (growth)
and capacity (atrophy).

3. Modeling the Wear Process of Lithium-Ion Cells

The following parameters can be taken as measures of the wear of cells (SOH, state of health):

e loss of cell capacity (as a result of gradual loss of capacity to accumulate electric charge);

e increase of internal resistance [26] (in some applications it is assumed that the cell is worn out
when internal resistance doubles in relation to the resistance of the new cell);

e number of complete charge and discharge cycles (N) the cell can complete before cell capacity loss
reaches 20% (criterion used for electric vehicles according to ISO 124052);

e exploitation time (applies to aging resulting from storage time).

Modeling of the wear process of lithium-ion cells is divided into two stages, during storage and
during cyclic operation. In the first case, the charging state and ambient temperature are factors that
have a particular impact on the wear of the cells. In the case of cyclic operation, the factors to be taken
into account in the model are cell temperature, and discharge and charging currents (DOD).

In order to model the process of cell wear, the current international literature often uses
mathematical multiplication models expressed in general form by means of the following
equation [11,19,20,27]:

SOH(T, I3, 1, DOD) = f(T) - f(la) - f(I) - f(DOD) 1)

where SOH is the state of health of the cell, f(T) is the function describing the impact of temperature,
f(1,) is the function describing the impact of discharging current, (1) is the function describing the
impact of charging current, and f{DOD) is the function describing the impact of depth of discharge.

A model which allows for the estimation of the number of performed full equivalent cycles and
useful capacity as the function of the depth of discharge, temperature, and load was developed in [9].
In this model, the impact of cycling on the useful capacity of the cell is described by the following
equation [9]:

Q(n) = Qpor — ¢(n) - (Qror — Qeor) ()

where 7 is the cycle number, Qpoy is the capacity at beginning of life (new cell) (Ah), ¢ is the aging
factor (-), and Qror. is the capacity at end of cell life (Ah).
The cell aging factor £(n) is determined according to the following formula [9]:

0.5 DOD(n—2)+ DOD(n)

e(n)=¢e(n-1)+ N(n-1) DOD(n-1)

®)

where N is the maximum number of cycles (-).
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The maximum number of cycles can be calculated from the following relationship [9]:

NG = 1 20 exp( (7~ 7237)) s 0) 7 ) @

where H is the cycle number constant (-), £ is the constant related to DOD (-), i is the Arrhenius
rate for cycle number (-), Ij g is the average discharge current in half-cycle duration (A), Ig_gyg is
the average charge current in half-cycle duration (A), y; is the constant related to discharge current
(=), v2 is the constant related to charge current (-), Ty is the nominal temperature (°C), and T, is the
ambient temperature (°C).

The above model assumes that the DOD for the discharge process is the same as for the charging
process. Cui et al. [19] developed a model of capacity atrophy for LiCoO, cells depending on
temperature (T), discharge current (C), DOD, upper cut-off voltage (V;), and number of cycles. This
model is only suitable for shallow discharges and low load currents. Capacity loss is determined on
the basis of equations [19]:

Eq(C)
QZOSS(T/ C/ DOD/ Vf/ 7’[) = A(DOD/ C/ Vf) : eXp(_ 83ﬂ1(4 - T) . 710474 (5)
A(DOD, C,V;) = ~157.671 + 3.624- DOD + 14.19 - C + 2.721 - exp(0.938 - V) ©)

where E; is the activation energy (J), n is the number of cycles (-), A is the pre-exponential factor
(-). Where the cell is dynamically loaded with a variable load, DOD changes should be considered
separately for the charging and discharging processes. Then, the analytical formula can be very
complex, as in [20], in which the number of cycles that a lithium-ion cell can perform is determined by
the relation:

N(Icy, In, ADOD, SOC, T) = Ny

2: ! +—
—bepl =bp],
acH exp( 7an CH ) ap exp( CDn D )

. aADOD ) 2 ) 3 2
ADODADOD  ADODEADOD (CSOCSOCavg + bsocSOCang + ﬂsoc) (dTT +crT” +brT + ﬂT)

@)

where N is the constant depending on the analyzed cell, adjusting the obtained result to the number
of cycles at rated conditions; ADODcyy is the change in the discharge depth (relative amount of electric
charge delivered) during charging; ADODp, is the change in the discharge depth (relative amount of
electric charge taken out) during discharge; 4, b, ¢, d are the coefficients depending on the analyzed cell,
with indexes related to cyclic model parameters; and Cj, is the rated capacity of the cell.

4. Analysis of the Impact of the Cycle Operation Parameters on the Wear-Out of the NMC Cell

Developing an aging model of a lithium-ion cell operating cyclically requires knowledge of
the influence of individual operating parameters (temperature, charging and discharging currents,
depth of discharge, and average state of charge) on the process of cell wear. A commercial 18650
lithium-nickel-manganese-cobalt (NMC) cylindrical cell with a nominal capacity of 2600 mAh was
selected for the capacity consumption analysis. Taking into account that aging tests are time-consuming
(especially the variants with reduced DOD may last up to several months), it was decided to carry
them out under accelerated aging conditions. This means that for cyclic operating parameters, the
cell was selected with values exceeding its ratings. The values of cyclic operating parameters selected
during the tests are presented in Table 2. The variants related to the influence of SOCyye and charging
current values have been omitted. In the implemented variants, the cells were charged with a constant
current of a constant average value of 0.85 C.
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Table 2. Values of cyclic operating parameters of tested cell selected during aging tests.

No. Temperature [°C]  Discharging Current [A]  Depth of Discharge [%] Performed Cycle Number [-]

1 25 2.6 100 1800
2 25 52 100 1070
3 25 7.8 100 580
4 25 10.5 100 410
5 15 2.6 100 595
6 15 52 100 180
7 15 52 50 1075
8 15 7.8 100 1300
9 40 2.6 100 1170
10 40 52 100 678
11 40 7.8 100 395
12 40 7.8 77 776
13 40 7.8 50 1321
14 40 7.8 27 2473

The state of health of the cell is defined as the ratio of the current capacity of the Cat cell
(determined in control conditions on the basis of relation 8) to the capacity of the new Cpew cell. The
condition for the completion of each aging test was a cell wear of 20%, which corresponds to a cell
SOH = 80%. After the cell reached SOH = 80%, the number of complete charging cycles was noted.
Capacity control measurements for each variant were performed every several dozen cycles. The
control conditions are set out in Table 3.

SOH = —*% .100% )

Table 3. The test conditions for measuring cell capacity.

Parameter Value
Ambient temperature 25°C
Discharge current 26 A

1.3A (CC-CV mode, at CV cell was charging till
current reach 0.05% initial value)
Discharge depth 100%
Upper/lower cut-off voltage 42V/]2.75V

Initial charging current

4.1. Impact of Ambient Temperature on Cycle Life

Test results from 15 °C, 25 °C, 40 °C, 2.6A discharge current and 100% discharge depth were used
to investigate the effect of ambient temperature on the cell’s SOH. In these tests, the cell performed 595,
1800, and 1170 complete cycles (nos 1, 5, 9, Table 2) respectively before reaching SOH = 80%. On the
basis of the obtained results, it was found that the cell is characterized by higher wear at temperatures
below 20 °C and above 35 °C. For this reason, we proposed to use the Gauss function (Equation 9) as a
function of temperature impact (with other cyclic parameters remaining constant) on the number of
cell cycles. The course of the Gauss function is shown in Figure 1.

T-b

N(T) = a-e(_(T)z) )

where N is the number of cycles; T is the ambient temperature; and a, b, c are coefficients.
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Figure 1. Impact of ambient temperature on cell cycle number.

4.2. Impact of Discharging Current on Cycle Life

Test results obtained at 25 °C were used to investigate the effect of the discharge current on the
number of cell cycles after which the cell is considered to be worn out. In these tests, for discharge
currents of 2.6, 5.2, 7.8, and 10.5 A, the cell made 1800, 1070, 580, and 410 cycles respectively (nos 14,
Table 2). On the basis of the tests performed, the power function described in Relation 10 was selected
for the discharge current because it best represented the influence of this factor on the number of cell
cycles (Figure 2).

N(ly) =d-(Ia)° + f (10)

where N is the number of cycles; I; is the discharging current; and d, e, f are model coefficients.

3000 : : :
8000 Model |
7000 B Measurements |-
6000

— 5000

E 4000 \\
3000
2000 ‘\h

1000

0

0] 2 4 6 8 10 12 14

Idisch [A]
Figure 2. Impact of discharging current on cell cycle number.
4.3. Impact of Depth of Discharge on Cycle Life

For the analysis of the influence of DOD on the number of cell cycles, variants nos 11-14 from
Table 2 were used. The ambient temperature during these tests was 40 °C and the discharge current
was 7.8 A. For DOD equal to 27%, 50%, 77%, and 100%, the cell made 2473, 1321, 776, and 395 complete
cycles respectively. As in the case of the discharge current, the function that best represents the
influence of DOD is the power function, Equation 11, Figure 3.

N(DOD) = g- (DOD)" +i (11)

where N is the number of cycles; DOD is the depth of discharge; and g, &, i are coefficients.
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Figure 3. Impact of depth of discharge on cell cycle number.
4.4. Estimation of Model Coefficients

The function coefficients, 9-11, were estimated using the method of least squares. The total
square error between the measured value and the value determined by the model was minimized
(Equation (12)). For the obtained coefficients (Equations 9-11) this was, respectively: 8.5737e-22, 6105,
and 3038, which corresponds to a determination factor of 1, 0.9948, and 0.9988. The estimated values
of the coefficients are presented in Table 4.

SSE = min{Z(yfms - ysnodel)} (12)

where SSE is the sum of squares errors, e is the measured value, and ;401 is the value calculated
from Equations 9-11.

Table 4. Results of estimation of function coefficients in eqs. 9-11.

Coefficient Value Coefficient Value
a 2061 f —2758
b 29.93 g 21180
C 13.39 h -0.475
d 5897 i -1959
e —0.2683

5. NMC Cells Wear Process Modeling Using Fuzzy Logic

Fuzzy logic is an approach belonging to multivalent logic. It assumes that there are many
intermediate values between the logical zero and the logical one, which determine the degree of
belonging of the element to the set. Fuzzy systems are characterized by the fact that they are
knowledge-based models, which is their greatest advantage. At the same time, their implementation
does not require knowedge of the details of the chemical aging reactions taking place in the cell or
prior determination of function coefficients defining the impact of cyclic operating parameters on the
process of cell wear, which is often very difficult. Two classes of fuzzy systems can be distinguished,
the Mamdani type and the Takagi-Sugeno—Kang type [28].

5.1. Methodology of Fuzzy Modeling

The classic fuzzy system scheme consists of the following four blocks: fuzzification, inference,
base of rules, and defuzzification. Its structure is presented in Figure 4.

In the fuzzification block, for each real value of input parameter, x;, of the model, the degree
of membership to individual sets of fuzzy input, A, is calculated. A fuzzy set in a certain space of
considerations, X, is a set of pairs:
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A = {(w (xi), %)}, vxi e X (13)

where (14 is the membership function of fuzzy set A.

| Base of rules |
Output

Input

parameters parameters
X Hai(x1) u(y) i
* Inference Defuzzification
Usi(X2) Hy2) %
X3 2

Figure 4. Classical structure of a fuzzy system.

Membership functions assign to each input parameter, x;€X, the degree of its belonging, u*4(x;),
to a fuzzy set, assuming that p4(x;)€[0,1].

In a block of inferences on the basis of input degrees of membership 1*4(x;), the resultant function
of belonging is calculated pi.s(y;) for each output of the y; model. The character of the resultant function
of membership is most frequently complex. Its calculation is done through reasoning, which can be
mathematically realized in many ways. In order to carry out the inference operation, the inference
block must contain a database of defined rules, the inference mechanism and the membership functions
(B;) of the output of the model (y). The base of rules contains logical rules that define cause and effect
dependencies existing in the system between sets of fuzzy inputs and outputs. It takes the form of
conditional sentences of the type:

If x; is Aj And ... And xn is An Then y;is B And ... Andy, is Bm (14)

where x; is the value of i-th input parameter, A; is the i-th fuzzy set of conditions, B; is the j-th fuzzy set of
conclusions, y; is the value of i-th output parameter, and n/m is the number of input/output parameters.

In the defuzzification block, a mechanism of defuzzification is implemented which, on the basis
of the resulting function of belonging p(y;), determines the crisp value of each output of the y; model.
There are many methods of defuzzification, the most popular of which include the following: middle
of maxima, centre of gravity, centre of sums, and the height method. For example, in the centre of gravity
method, the sharp output value of model y is determined as the centre of gravity of the surface under the
curve defined by this function (Figure 5), and is calculated as the quotient of the momentum of the area
under the curve p.(y) relative to the vertical axis p(y)and the size of that area. The relationship is as follows:

_ fy “ thres(y)dy

= - (15)
/ fPLVES(y)dy

A u®y)

Ures(V)

v

Ye ¥y

Figure 5. Defuzzification by the centre of gravity method.
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5.2. A Fuzzy Model of the NMC Cell Wear Process

In order to model the wear process of NMC cells (with the parameters given in Section 4) under
constant load conditions, it is proposed to use a fuzzy Mamdani system. The input parameters of the
model are the operating parameters of the cyclic cell (half-cycle discharge), i.e., ambient temperature,
value of discharge current, and depth of discharge. The model assumes that in each half-cycle of
charging, cells are charged with a constant current with a mean value of 0.85 C up to a final voltage of
4.2 V. The output parameter of the model is the number of full N cycles of charging that the cell can
perform before it reaches the wear indicator equal to SOH = 80%. For each input parameter of the
model, three triangular membership functions were defined (Figure 6 a—c), while for the number of N
cell cycles, using the results of tests presented in Section 4, nine triangular membership functions were
defined (Figure 6d).

| =—DODlow -=-DODMed —+DODHigh | | =—llow —m-Imed —Ihigh |
T /-\ = A
a I
£ 08 7 N ] g 08 \ / \ T
g g
£ 06 / \\ £ 06 N
Q @
E 04 % E o4 >< ™
6 / \ 5 / \ \
g g2 / N 3 02
2/ | NS N ~\
U i
o 0 ] 0
0 20 40 60 80 100 0 2 4 6 8
DOD [%] Idsch [A]
a) b)
‘ —+—Templow -@-TempMed TempHigh ‘—Q—Nl ~B-N2 ——N3 =+N4 =~N5 N6 N7 N8 N9
- 1 ﬁ 1 em |
o N =
£08 \ 74 \ ] £ 08 7\ 71\ /7 N 7 |
206 .y 2 06
E >< N g’ Y \
£ \ g \ A
A \ § ol
3 / ™ b
= 02 2 02
oo \ (] \ \
o ]
8 9 ! 0 o miw x k
0 10 20 30 40 50 60 0 1000 2000 3000 4000
Temperature [°C] Number of cycles [-]
C) d)

Figure 6. Membership functions of model parameters: (a) depth of discharge, (b) discharging current,
(c) temperature, and (d) number of cycles.

The function of minimum (Equation 16) was assumed as t-norm operators in the inference process,
whereas the function of maximum (Equation 17) was assumed as s-norm operators in the aggregation
process. The centre of gravity method was used as a method of defuzzification [28].

ptane(x) = min{ua (x), up(x)} (16)

paup(x) = maxipa(x), up(x)} (17)

The base of rule of model contains 27 linguistic rules, based on which the number of cycles
is inferred. This takes into account the measurement results (Table 2) and contains all possible
combinations of functions belonging to the input parameters of the model.

An illustration of the process of applying a fuzzy model of cell wear is presented in Figure 7a—c.



Energies 2019, 12, 3899 10 of 12

Figure 7. Illustration of the inference process of the model: (a) number of cycles vs depth of discharge
and temperature, (b) number of cycles vs discharging current and temperature, and (c) number of
cycles vs depth of discharge and discharging current.

The developed model has been verified for six different combinations of cyclic cell operating
parameters. The accuracy of the model was determined by a relative error derived from:

RE — (ymeus - ymodel) 100 (18)

Ymeas

The verification results are summarized in Table 5.

Table 5. Verification results of NMC cell wear from fuzzy model

. . Depth of Simulated Real .
No. Temperature  Discharging Discharge Number of  Number of Relative
[°C] Current [A] 5 Error [%]
[%] Cycles [-] Cycles [-]
1 25 2.6 100 1705 1800 5.60
2 40 7.8 27 2152 2473 14.89
3 40 7.8 100 433 395 8.84
4 40 7.8 50 1374 1321 3.84
5 15 2.6 100 559 595 6.37
6 15 7.8 100 1385 1300 6.13

For most of the verified variants, the relative model error is below 10%. This proves the correct
operation of the fuzzy algorithm and its usefulness for predicting the aging process of cells. For the
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variant I; =7.8 A, T =40 °C, DOD = 27%, and the relative error was 14. 89%. It seems that this is a big
inaccuracy, but the number of cycles performed by cells operating with reduced DOD is always many
times greater than during full discharge and is often characterized by a large spread (in the case of
DOD below 20%, the difference in the number of cycles performed can reach up to several thousand
cycles). For this reason, all the results obtained should be considered satisfactory.

6. Conclusions

This paper describes the analyses of modeling the process of wear of 18650 lithium-ion NMC cells
during cyclic operation under constant load conditions. Modeling the process of wear of NMC cells
is a complex issue due to the need to take into account a large number of cyclic parameters and the
correct representation of the degree of their impact. For this reason, determining the structure of the
model is complex and often requires simplifying assumptions. On the basis of accelerated aging tests,
the influence of discharging parameters on the process of cell capacity atrophy was investigated. In
addition, functions were developed to characterize the impact of these parameters on the number of
cell cycles before it reaches wear level. For ambient temperature, a new type of function reflecting the
Gauss function was proposed (Equation 9), from the obtained results, the highest number of cycles a
cell can perform (assuming other cyclic parameters remain constant) at a temperature close to 30 °C. In
the case of discharge current and DOD values, the number of cycles depends on the power function
on these parameters. The use of a fuzzy Mamdani system to reproduce the wear process of a cyclic
operating cell yielded satisfactory results. For the verified variants (Table 5), in most cases the relative
model error was less than 10%. In our opinion, bearing in mind the complexity of modeling the process
of cell wear, this is an acceptable value.

Future research should focus on reducing model error by including charging current, SOCyg, and
upper cut-off voltage in the model.
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