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Cuvinte cheie

Starea de degradare a bateriilor, sisteme de management al bateriilor, retele
neuronale recurente.

Rezumat

Datorita avansului tehnologic numarul sistemelor alimentate cu baterii a
suferit o crestere rapida. Din acest motiv, monitorizarea starii de degradare a
bateriei precum si estimarea timpului ramas de utilizare a devenit o problema
importanta.

Sistemele de management al bateriilor joaca un rol important in acest
context, ele dezvoltédndu-se de la simple sisteme de monitorizare a incarcarii si
descarcarii bateriilor pana la sisteme complexe care monitorizeaza multiplii
parametrii ai bateriei si ofera estimari in legatura cu starea de sdnatate a
acesteia.

Lucrarea de fata abordeaza problema estimarii starii de degradare a
bateriilor reincarcabile. Unul din obiectivele importante al acesteia este
prezentarea detaliata a multitudinii de metode de estimare existente,
prezentand avantajele si dezavantajele fiecareia dintre ele in functie de un set
bine definit de criterii mergand de la chimia bateriei pana la eroare de estimare
si complexitatea computationala.

Dezvoltarea domeniului de inteligenta artificiala in tandem cu
fmbunatatirile din domeniul hardware al procesoarelor a facut ca implementarea
retelelor neuronale sa fie posibild pe sisteme incorporate.

Unul din cele mai importante obiective ale acestei teze este definirea
unei metode noi de estimare a starii de degradare a bateriilor bazate pe retele
neuronale de tip GRU. Evaluarea performantelor metodei implementata pe PC
intr-un mediu de simulare este detaliata in comparatie cu implementarile reale
pe diferite sisteme incorporate.

Nu in ultimul radnd, un alt obiectiv important este definirea unui sistem
cadru pentru evaluarea performantelor metodelor de estimare a starii de
degradare a bateriilor pe sisteme incorporate, in termeni de complexitate
computationald, consum de energie si eroare de estimare. Utilitatea acestui
sistem cadru este compararea metodelor existente precum si sprijinirea
dezvoltarii unor metode noi de estimare.
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1. INTRODUCERE

1.1. Domeniile si tema cercetarii

Teza de fata trateaza probleme dintr-o multitudine de domenii
interconectate, dintre care cele mai importante sunt:

e Domeniul bateriilor - un domeniu complex care a cunoscut o evolutie
accelerata in ultimul deceniu datoritd progresului tehnologiilor de fabricare a
compusilor chimici;

e Domeniul sistemelor incorporate alimentate cu baterii reincarcabile -
un domeniu extins ce a cunoscut o crestere exponentiald datoritd evolutiei
tehnologice din domeniul bateriilor - avand o plaja de aplicabilitate in toate
domeniile de activitate: militar, aeronautic, automotive, medical, produse
electronice de larg consum.

Avand in vedere aceste doua domenii principale, cercetarea abordeaza
urmatoarele subdomenii:

e Subdomeniul sistemelor de management al bateriilor;

e Subdomeniul metodelor de estimare a starii de degradare a
bateriilor - un domeniu nou care prezintd un interes deosebit, fapt
demonstrat prin numarul mare de publicatii recente;

e Subdomeniul inteligentei artificiale - un domeniu vast, cu o vechime
de peste 60 de ani care a cunoscut de-a lungul timpului o crestere
spectaculoasa sustinuta de evolutia puterii de calcul.

Tema lucrarii de cercetare elaborata in aceastd teza este evaluarea starii de
degradare a bateriilor reincarcabile in sisteme alimentate cu baterii.

1.2. Motivatia cercetarii

in domeniul dispozitivelor incorporate alimentate cu baterii reincdrcabile,
sistemele de management al bateriilor joaca un rol important, urmarind indeplinirea
urmatoarelor functionalitati [1]:

e Asigurarea unui mediu de operare sigur, definit de specificatiile
tehnice ale bateriei si tipului acesteia, precum curentul maxim de incarcare,
curentul maxim de descarcare, limitele inferioare si superioare ale nivelului
DoD, nivele inferioare si superioare ale tensiunii bateriei, etc.

e Monitorizarea continua a parametrilor bateriilor pentru determinarea
si predictia starii acesteia.

Solutile de management al bateriilor constau de obicei intr-un dispozitiv
hardware pe care ruleazd o aplicatie software de management. Algoritmii de
determinare si predictie a starii de sanatate a bateriei variaza de la cei mai simpli
care pot sa opereze pe un hardware cu resurse limitate, pana la cei mai complecsi
care necesitd resurse hardware suplimentare.

Legat de evaluarea starii de degradare a bateriei, literatura de specialitate
mentioneaza urmatoarele probleme de actualitate:

e Problema neliniaritatii si a incertitudinii de estimare: datorata
modului de utilizare a bateriilor precum si natura parametrilor acesteia.
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1.3. Obiective propuse 13

e Problema complexitatii algoritmilor de estimare si a resurselor
limitate: datorata tipului de algoritm de estimare. Cele mai complexe
metode de estimare necesita resurse hardware si putere de procesare pe
care microcontrolere de uz general nu le pot oferi, acestea ramanand
adeseori la nivel conceptual sau la nivel de simulare in medii precum Matlab.

Activitatea de cercetare sintetizata prin teza de fatda abordeaza cele doua
probleme mai sus mentionate si are ca scop ameliorarea acestora prin dezvoltarea
unei noi metode de estimare precum si validarea acestei metode intr-un cadru
complet de analiza a performantelor bazat pe criterii atent definite.

1.3. Obiective propuse

Principalul scop al acestei teze de doctorat este gasirea unor solutii pentru
fmbunatatirea sau chiar rezolvarea unor problemele actuale in cadrul metodelor de
estimare a starii de degradare a bateriilor. Activitatea de cercetare are ca principale
obiective:

e Definirea unor metode de estimare a starii de degradare al bateriilor
reincarcabile care sa prezinte un nivel ridicat de performanta si de eficienta,
adica:

o acuratete de estimare cat mai ridicata in ceea ce priveste
SoH, respectiv

o sa poata fi implementate si executate pe platforme digitale
incorporate, cu resurse limitate (de memorie, de procesare, consum
de energie, etc.).

e Definirea unui cadru de evaluare a performantelor metodelor de
estimare a SoH, care sa cuprinda:

o criterii de precizie si acuratete,

o criterii de evaluare a complexitatii algoritmilor,

o criterii de evaluare a resurselor de microprocesor utilizare
precum si a consumului propriu de energie al algoritmului.

1.4. Structura lucrarii

Structura lucrarii este prezentata in cele ce urmeaza.

Capitolul 2 cuprinde cateva notiuni teoretice care sunt folosite in domeniul
cercetarii curente. Printre cele mai importante notiuni sunt: descrierea si structura
unui sistem de management al bateriilor, definirea starii de degradare a bateriilor,
modele de baterii si cateva notiuni despre retele neuronale folosite in estimarea
seriilor de timp. Capitolul 3 contine o descriere detaliata a abordarilor curente in
ceea ce priveste metodele de evaluare a starii de degradare a bateriilor. Descrierea
metodei propuse pentru estimarea SoH pe baza regresiei polinomiale, este cuprinsa
in capitolul 4. Capitolul 5 contine detalii despre o noua metoda de estimare a starii
de degradare a bateriilor, bazata pe retele neuronale de tip GRU. Capitolul 6 descrie
sistemul cadru de anaIizéA a performantelor metodelor de estimare a starii de
degradare a bateriilor. In capitolul 7 sunt prezentate rezultatele evaluarii
performantelor metodelor de estimare propuse, pentru un set extins de scenarii.
Capitolul 8 contine concluziile si perspectivele de cercetare si dezvoltare. Lucrarea
se incheie cu referintele bibliografice, respectiv lista de publicatii ce au reiesit din
cercetarea curentd precum si principalele anexe.
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2. NOTIUNI TEORETICE

2.1. Sisteme de management al bateriilor

Sistemele de management al bateriilor sunt componentele esentiale din
cadrul sistemelor alimentate cu baterii. Principala functie este asigurarea utilizarii
bateriei intr-un mod cat mai eficient in vederea minimizarii starii de degradare.
Acest lucru se obtine prin monitorizarea parametrilor bateriei Tn procesul de
incarcare si procesul de descarcare al acesteia. De asemenea sistemele de
management al bateriilor ofera informatii utile despre ciclurile de
incdrcare/descdrcare, timpul de utilizare ramas, etc.

In figura 1 este descrisa structura generala a unui sistem de management al
bateriilor (BMS) [2]. Modulul de alimentare este conectat la retea si asigura energia
necesara incarcarii bateriei. Acesta poate fi parte integrat pe placa sistemului sau
poate fi detasabil. Convertorul DC/DC este folosit pentru a asigura nivelul de
tensiune pentru functionarea consumatorului. Acesta translateaza nivelul de
tensiune al bateriei la nivelul de tensiune dorit. Bateria este incarcata de la modulul
de alimentare. Aceasta este prevazuta cu circuitele de protectie pentru asigurarea
unui anumit grad de siguranta. Modulul de monitorizare a starii bateriei are rol de
achizitie/determinare a parametrilor bateriei

Periferice
(LED, 12C, USB,
RS-232)

Modul convertor
alimentare DC/DC

Baterie

Starea
bateriei

EEPROM

Procesor

Fig. 1. Structura generald a unui BMS [2]
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2.2. Starea de degradare a bateriilor 15

In cadrul sistemului BMS, sunt monitorizati activ parametri precum
tensiunea bateriei, curentul de incarcare/descarcare, temperatura bateriei, etc. Pe
baza acestora se pot determina alti parametri precum capacitatea, rezistenta
interna, starea de degradare (SoH), numarul de ciclii ramasi pana bateria este
considerata neutilizabila (RUL).

Modulul de comunicare este format dintr-un procesor/micro controller folosit
pentru a salva datele in memoria EEPROM si pentru a transmite mai departe
informatiile printr-una dintre interfetele de comunicatie(12C, RS-232, SPI, etc.) sau
afisarea starii bateriei printr-un indicator LED sau chiar informatii pe un afisaj LCD.
Consumatorul transforma energia electrica in energia corespunzatoare destinatiei
acestuia: energie mecanica, sunet, lumina, etc.

2.2. Starea de degradare a bateriilor

Starea de degradare a bateriilor se poate reprezenta prin diferite metrici,
cele mai importante sunt urmatoarele: starea de degradare (SoH) si timpul util de
operare ramas (RUL).

Starea de degradare (SoH) este o metricd raportata la starea initiald a
bateriei. In momentul producerii bateriei, SoH este considerat 100 % - corelat cu
valoarea maxima a energiei pe care bateria poate sa o furnizeze. Utilizand bateria,
apar fenomenele fizice si chimice ireversibile care duc la scdderea energiei pe care
bateria poate sa o furnizeze. Cand energia furnizata scade sub un anumit nivel,
bateria este considerata degradata si trebuie schimbatad. In acest moment SoH este
considerat 0%.

O definitie simplificatda a SoH pe care am folosit-o in aceasta lucrare se
bazeaza pe capacitatea bateriei [3]:

100%, Chat .
nom
1- Cbat

C
o] = _ nom |. 0,
SOH [%]={| 1 ~SoHy 100 [%] (1)

0%, <bat SOH
C
nom

in care Cpat reprezinta capacitatea curenta a bateriei, Chom — capacitatea nominala a
bateriei, SOH, - raportul dintre capacitatea bateriei si capacitatea nominala pentru
care bateria este considerata degradata. In mod uzual, SOH, are valoarea 0,2 sau
0,3.

in ceea ce priveste timpul util de operare ramas (RUL) este strans legat de
SoH si se defineste prin numarul de cicli de incarcare/descarcare sau chiar timpul
pana cand bateria ajunge la SoH 0% si este considerata degradata (neutilizabila).
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16 2. Notiuni Teoretice

2.3. Modelarea bateriilor

Modelarea bateriilor este un subiect important in domeniul estimarii starii de
degradare a bateriilor. Orice metoda de estimare se bazeaza direct sau indirect pe
un model.

Cele mai intalnite tipuri de modele sunt: modelul electric, modelul
electrochimic, modelul matematic, modelul bazat pe ciclul de viata a bateriei.

2.3.1. Modelul electric

Modelul electric este cunoscut si sub forma modelului de circuit echivalent -
modelul Randles sau Thevenin. Este compus dintr-o sursa de tensiune ideala si unul
sau mai multe grupuri paralele de rezistente — condensatori conectati in serie cu o
rezistenta [4]-[11].

Sursa ideald de tensiune reprezinta tensiunea in gol a bateriei, (OCV sau
Uoc) si este un parametru destul de important ce se regaseste in centrul multor
metode de estimare. Rezistenta in serie Ro modeleaza rezistenta internd a bateriei
cand la bornele bateriei se aplica un curent constant.

Grupul R,-C, modeleaza comportamentul dinamic al bateriei, cand la bornele
bateriei curentul variaza

Fig. 2. Modelul Randles [4]

Sistemul de ecuatii ce sta la baza acestui model este urmatorul [4]:

U =Uopc(SoC)+IRg +Up
dup (2)

in care, Uoc este tensiunea in gol, Re este rezistenta internd a bateriei, R,-C, este
grupul paralel rezistenta - condensator, U este tensiunea de alimentare a circuitului,
I este curentul din circuit.
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2.3. Modelarea bateriilor 17

2.3.2. Modelul electrochimic

Modelul electrochimic are ca scop aproximarea cat mai precisa a proceselor
chimice ce au loc in interiorul celulei bateriei in timpul incarcarii, descarcarii si
relaxarii. Pentru o baterie de Li-Ion, din punct de vedere chimic, aceasta este
compusé din trei elemente: electrodul negativ, separatorul (electrolitul) si electrodul
pozitiv. In acest tip de baterie, ionii de Li se deplaseaza de la electrodul negativ spre
cel pozitiv cand bateria se descarca, iar la incarcare de la electrodul pozitiv la cel
negativ [12] - [13].

O varianta a modelului electrochimic derivat din modelul Randles de ordin 2
este prezentat in [12]. Impedanta bateriei se poate exprima prin urmatoarea
ecuatie:

_ZnS,SEI +Rp +§—p (3)
n p

in care, Zpat este impedanta bateriei, Z,ser este impedanta anodului, Z, este

impedanta catodului, iar S, si S, sunt ariile suprafetelor anodului si catodului.

Modelul electrochimic poate fi extins si la celelalte tipuri de chimii, cum ar fi cele

bazate pe Acid [15], Ni-MH.

Zpatt = JoL +

Ctitm

Carp

Fig. 3. Modelul Electrochimic [12]

O abordare complexa este prezentata in [17]-[19] in care concentratia de
ioni si reactiile chimice sunt modelate prin ecuatii diferentiale.

2.3.3. Modelul matematic

Modelul matematic foloseste in general unul dintre parametri (electrici) ai
bateriei pentru a modela degradarea acesteia [20]-[25]. In [20], estimarea
degradarii bateriei se face prin utilizarea curbelor CC-CV (curent constant - tensiune
constanta) si o analiza de tip calendar. Pentru fiecare ciclu de incarcare, curentul
poate fi exprimat folosind:

I{t)=Ae™Bt 4 C (4)

in care A, B, C sunt scalari ce reprezinta parametrii modelului.
Luand in considerare relatia dintre parametrii modelului si degradarea
capacitatii bateriei (Cioss), ecuatia se poate rescrie:
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18 2. Notiuni Teoretice

I(t/ C/oss) = A(C/oss)e_B(CIOSS)t + C(C/oss) (5)

Autorii au aratat ca exista o relatie liniara intre capacitatea ramasa si
parametrul B al modelului, o scadere a capacitatii bateriei duce la o scadere a valorii
parametrului B.

In [21]-[22], tensiunea in gol a bateriei este folosita pentru a modela
degradarea bateriei. Prin intermediul analizei incrementale (ICA) se traseaza curbele
ce denota variatia capacitatii cu tensiunea in gol. Ecuatia ce sta la baza modelului
este:

ocVv(z)= Ky —%—K22+K3 In(z)+ K4 In(1-z) (6)

in care Ko-4, sunt parametri ai modelului, z este valoarea normalizata a SoC. Pentru
a obtine rezultate mai bune se poate folosi o varianta complexa a ecuatiei:

1 i 1 K 1
1+ e91(Z2-B1) 2 14 e92(2-B2) 3 14+ e93(2-1)

OCV(z)=Kp - Ky +K

* 1+e94%

(7)

in [23], capacitatea bateriei este estimatd folosind curbele ridicate din
masuratori la fiecare ciclu al bateriei. Sunt evaluate trei modele - cel exponential,
cel polinomial, si cel hibrid:

Cak = Caki +Cakz = a1€92K + aze%4k

Ck = CBk1 + CBk2 = Bik? + B2k + B3 (8)
Cek =v1€"2K +y3k? +yy

in care Cak , Csk Si Ccx sunt valorile capacitatii bateriei, k reprezinta ciclul de
descarcare, iar a1, a2, as, as; Bi, B2, B3 Y1, V2, Y3, sunt parametri modelului.
Experimentele arata ca modelul hibrid ofera o acuratete mai buna pentru predictia
capacitatii.

2.3.4. Modelul bazat pe ciclul de viata a bateriei

Modelul bazat pe ciclul de viata a bateriei este un alt tip de model folosit
pentru determinarea degradarii bateriei. Acest tip de model urmareste parametri
bateriei si relatia dintre acestia si procesul de imbatranire. Starea de degradare se
determina prin observatii multiple dupa teste offline. Acest mod este diferit de
celelalte modele care monitorizeaza parametri in timp real si estimeaza starea de
degradare bazat pe valori instantanee ale parametrilor.

Un astfel de model este utilizat in [26]. Parametrii folositi sunt: temperatura
bateriei, curentul de incarcare, curentul de descarcare, nivelul de descarcare. Este
analizat impactul acestor parametri asupra capacitatii bateriei. Modelul propus a fost
dezvoltat si validat in Matlab.

Autorii din [16] propun sa monitorizeze urmatorii parametri ai bateriei:
temperatura, capacitatea, numarul de cicli incarcare/descdrcare. Pentru predictia
starii de degradare sunt folositi algoritmi bazati pe vectori suport. Aceste tipuri de

+Ksz
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2.4. Retele neuronale pentru estimarea seriilor de timp 19

tehnici implicd antrenarea pe un set imens de date. Pentru a scurta timpul de
observare, autorii au folosit teste de imbatranire acceleratd. Raméane discutabil daca
acest teste se mapeaza direct pe conditiile de utilizare reale ale bateriei.

In [27]-[28], modelul de ciclu de viata se bazeaza pe modele de fiabilitate.
Aceste modele sunt folosite Tmpreuna cu celelalte tipuri de modele pentru a
fmbunatatii estimarea starii de degradare.

2.4. Retele neuronale pentru estimarea seriilor de timp

2.4.1. Taxonomia problemelor legate de estimarea seriilor de timp

Fie un set de date de intrare X = { x1, x> ..., xa}, pentru care cunoastem
valorile de iesire Y = { y1, v2, ..., Ym}. Estimarea seriilor de timp presupune gasirea
unei functii f(X) = Y, care sa realizeze o mapare cat mai fideld intre valorile de
intrare si cele de iesire.

Algoritmii de estimare a seriilor de timp bazati pe invatare automata
presupun existenta unui set de date cunoscut pentru care se deduce functia de
estimare f. Performanta algoritmului se obtine aplicand functia obtinuta pe un set de
date necunoscut, si urmarind diferite metrici si criterii de evaluare.

Problemele de predictie a seriilor de timp presupun analizarea mai multor
aspecte [29], cateva dintre cele mai importante fiind enumerate in continuare:

e Intrari vs. iesiri - in general o predictie presupune folosirea unor
observatii anterioare pentru a estima observatii viitoare. Intrarile
sunt datele obtinute in observatia curenta pentru care se face
predictia — valorile de iesire. Nu trebuie confundate intrarile cu
datele pentru antrenarea algoritmului.

Date endogene vs. date exogene - variabilele de intrare se
considera endogene daca sunt afectate de alte variabile si
variabilele de iesire depind de acestea. De exemplu in seriile de
timp, o observatie la timpul t este dependenta de ceadelat - 1,
cea de la t - 1 depinde de t — 2 etc. O variabild de intrare este
exogena daca este independenta de celelalte variabile din sistem si
variabila de iesire depinde de aceasta.

Regresie vs. Clasificare - in cadrul problemelor de regresie,
estimarea obtine o valoare. Aceasta este numerica si poate fi
asimilata cu un volum, un pret, etc. Problemele de clasificare sunt
cele In care valoarea predictiei este o categorie. O categorie de
date contine etichete bine definite — de exemplu, mare, mic, rece,
cald, albastru, verde, etc.

Date structurate vs. Nestructurate - de multe ori este important
de analizat setul de date deoarece acesta poate contine tipare - de
repetitie, etc. care poate sa usureze intr-o anumita masura
algoritmul de predictie. Deci putem spune ca datele care urmeaza
un anumit tipar sau ciclicitate sunt date structurate, pe cand cele
care nu prezinta o astfel de proprietate sunt nestructurate.

Predictie univariatd vs. Multivariata - o singurd variabild
madsuratd in timp se considera univariata. Predictia univariata
presupune predictia unei singure variabile, pe cand cea
multivariatd presupune predictia mai multor variabile.
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20 2. Notiuni Teoretice

e Predictie intr-un singur pas vs. multi-pas - algoritmul de
predictie poate sa estimeze valoarea corespunzatoare urmatorului
moment de timp sau poate sa prezica un set de date ce se intinde
pe mai multe instante de timp.

e Model static vs. dinamic - un model se considera static daca
acesta nu se modifica intre predictii. Un model dinamic este un
model care se modifica intre predictii, in general isi ajusteaza
parametrii cu scopul de a creste acuratetea estimarii.

e Date continue vs. discontinue - un set de date pentru care
observatiile sunt distribuite uniform in timp, se considera set de
date continue. Cel de-al doilea tip presupune existenta unor
intervale in care datele lipsesc sau sunt corupte. In acest caz este
nevoie de formatarea datelor in asa fel incat sa poata fi aplicate
metode de estimare.

2.4.2. Retele neuronale de tip MLP

Retelele neuronale de tip MLP (Multilayer perceptron, sau perceptron multi-
strat) sunt o subclasa a retelelor neuronale de tip feed-forward (FFNN y) si au o
structura simpla in care existda o singura cale de date de la intrare spre iesire prin
care se transforma datele de intrare in date de iesire [30]-[31]. Arhitectura nu
permite legaturi de reactie care sa lege o parte din valoarea iesirilor de intrari dupa
cum se poate observa in figura de mai jos:

Nivel iesire

Nivel ascuns
Nivel ascuns

Fig.4. Arhitectura retelei neuronale MLP [30]
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2.4. Retele neuronale pentru estimarea seriilor de timp 21

In figura anterioards am reprezentat arhitectura retelelor de tip FFNN cu
doud nivele ascunse cu functia de activare A, un nivel de iesire cu functia de
activare B, setul de intrdri x;, i =1.. 4 si setul de iesiri, y;, j = 1..2.

O astfel de retea neuronala se poate transforma usor intr-un predictor daca
se aleg functiile de activare in mod corespunzator [30].

Intrari Nivel Tan-Sigmoid Nivel Liniar

N N 7 A

, n s : n
S S x1 7£ . 1 x1 7é
1 b N 1 b |

x 1 |

nx 1

n S'x1 S' 1
/U /
a = tansig(W p+b') a = purelin(Wa'+b’)

Fig.5. Calea de date si operatiile din cadrul retelei neuronale MLP [30]

In Fig. 5 se pot distinge urmé&toarele marimi: p este vectorul de intrare, W1
este matricea ponderilor pentru nivelul 1, b! este vectorul de bias-uri pentru nivelul
1, nt este vectorul de intrare in functia de activare al nivelului 1, a! este iesirea din
nivelul 1 si vectorul de intrare pentru nivelul 2, W2 este matricea ponderilor pentru
nivelul 2, b2 este vectorul bias-urilor pentru nivelul 2, n? este vectorul de intrare in
functia de iesire pentru nivelul 2, iar a2 este iesirea din nivelul 2.

Functia de activare pentru nivelul ascuns este tan-sigmoid, iar pentru nivelul
de iesire este functia liniara:

eX _—e™X

tan sig(x) = > (9)

eX+e”
lin(x)=ax+b

2.4.3. Retele neuronale de tip LSTM

Retelele neuronale de tip LSTM (Long Short-Term Memory) sunt un caz
particular de retele neuronale recurente menite sa contribuie la rezolvarea limitarilor
MLP [32]. O lista a limitarilor MLP este urmatoarea:

¢ Dimensiunea datelor de intrare este fixa;
e Dimensiunea datelor de iesire este fixa;
e Nu tin cont de dimensiunea temporal3;

P w R, i»wz\‘ |
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22 2. Notiuni Teoretice

e Scalare ineficienta in cazul predictiei Multivariate;
e Nu tin cont de starea sistemului — FFNN invata o singura functie fixa
. si generala pe care o aplica intrarilor.
In figura de mai jos este prezentata o arhitectura de retea neuronala de tip
LSTM cu doua nivele ascunse si un nivel de agregare.

Nivel iesire

Nivel ascuns

Nivel ascuns

Fig.6. Arhitectura retelei neuronale LSTM

O particularitate importanta a acestor retele este ca celula de baza a fost
modificata in asa fel incét sa fie capabila de a invata dependintele pe termen lung.
Prin intermediul portilor se pot controla cata informatie recenta si cu mult anterioara
poate fi folosita pentru a genera iesirea curenta [33]-[34].

Structura celulei si caile de date sunt prezentate in figura urmatoare [35]:
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2.4. Retele neuronale pentru estimarea seriilor de timp 23

& ® ()
I} I |

» 3R

| I
3] ® &

Fig. 7. Caile de date dintr-o retea LSTM [35]

v

v

Una dintre cele mai importante cai este cea a starii celulei. Aceasta este
calea de date prezentatd in figura de mai jos:

Ciq

®
S+)
v

Fig. 8. Starea celulei LSTM [35]

Calea de stare a celulei LSTM este o cale directa liniara ce leaga starea de la
momentul £, C;, cu cea de la momentul de timp t - 1, C:;. Valoarea starii celulei se
actualizeaza prin addugarea sau inlaturarea de informatii prin intermediul portilor.
Aceste porti controleaza daca informatia este lasata sa treaca sau nu si contin
functia de activare sigmoid intr-un bloc multiplicativ:

—®—
!
I

Fig. 9. Poarta in cadrul celulei [35]
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Controlul memoriei pe termen lung a celulei LSTM este realizat cu ajutorul
portii din figura 9 si a conexiunilor din figura 10. Modelarea matematica a acestui
proces este reprezentata prin functia din (10):

fr = o(We -[he_1, xt ]+ br (10)
in care f; este functia ,uitarii” (forget function), o este functia sigmoid, Wr este

matricea ponderilor portii f, h:-; este iesirea de la momentul de timp t - 1, x; este
intrarea de la momentul t, br este biasul portii f.

Fig. 10. Controlul memoriei pe termen lung [35]

in Fig 9. este reprezentat modul in care se retine informatia ce se pastreaza
in cadrul celulei. Controlul memoriei pe termen scurt este format dintr-un nivel
sigmoid si un vector de valori candidate pentru a fi adaugate in final starii actuale a
celulei. Din punct de vedere formal, controlul memoriei pe termen scurt este definit
de relatiile din (11):

i

t =o(W; -[he_1, x¢ ]+ bi
~ (11)
Ct =tanh(Wc -[he—1, x¢ ]+ bc )

in care, i; reprezinta poarta de intrare si controleaza daca valorile candidate intra
sau nu in starea actuald a celulei, W; - matricea ponderilor portii de intrare, h¢1
valoarea iesirii de la momentul t - 1, x; valoarea de intrare la momentul ¢, b;— biasul

portii de intrare, Ct - vectorul valorilor candidate pentru actualizarea starii celulei,
W matricea ponderilor valorilor candidate, bc — biasul valorilor candidate.
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2.4. Retele neuronale pentru estimarea seriilor de timp 25

Tt

Fig. 11. Controlul memoriei pe termen scurt [35]

Combinand ecuatiile (10) si (11) putem defini ecuatia starii celulei LSTM
(12), reprezentata grafic in Fig. 12.

~

Ct :ft*thl"'it*Ct (12)

Fig. 12. Actualizarea starii celulei LSTM [35]
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Ultima cale de date este cea de iesire. Printr-un nivel sigmoid se decide ce
valori se vor expune la iesirea celulei (vezi Fig. 13 ). Acestea se calculeaza conform
(13):

or =0(Wo - [ht_1, Xt ]+ bo

(13)
hy = o *tanh(C¢ )
he A
Canh>
(e e
h’tfl ﬂ ht

[ >

Fig. 13 Calea de date pentru iesire [35]
2.4.4. Retele neuronale de tip GRU

In figura de mai jos este prezentatd o retea neuronald formatd din doud
nivele ascunse de tip GRU si un nivel de agregare.

Dense layer [ Dense |

@ ...... G

Fig. 14. Arhitectura retelei neuronale GRU
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2.4. Retele neuronale pentru estimarea seriilor de timp 27

Celula de baza a retelelor de tip GRU este asemanatoare cu cea a celulelor de tip
LSTM, o modificare importanta este ca nu se mai ia in considerare starea celulei.
Retelele neuronale de tip GRU folosesc doua porti: poarta de actualizare prin care se
controleazd cantitatea de informatie din trecut ce trebuie luata in considerare si
poarta de resetare care controleaza cata informatie va fi uitata, respectiv nu va fi
luata in considerare.

In figura 15 este detaliata structura interna si calea de date in interiorul unei
celule de tip GRU [3].

A
a o a W
1-
ry Zy ﬁk

\ — b
)

Fig. 25. Structura interna si caile de date din cadrul celulei GRU [3]

Iesirea nivelului ascuns h, la instanta de timp k, depinde de iesirea de la momentul
k — 1 si de o valoare de iesire candidat, notata cu Py , utilizand relatia liniara:
hi =(1-2zy )hg_1 + 2z hg (14)
in care zx este valoarea la poarte de actualizare, definita prin ecuatia de activare:
Zk:(T(WZ[hk_l XZ]) (15)

Valoarea zx controleaza cat de mult iesirea curentda depinde de iesirea
anterioara sau de iesirea candidata. Aceasta se defineste prin urmatoarea ecuatie:

hy = tanh(Whlrehe_1 x] (16)
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28 2. Notiuni Teoretice

unde r¢ este valoarea la poarta de iesire:
re =o(Wrlhk_; xx)) (17)

Poarta de resetare controleaza cat de mult iesirea candidatda depinde de
iesirea anterioara. W; W, W, sunt matricile ponderilor pentru poarta de
actualizare, pentru cea de resetare, respectiv pentru iesirea candidat.

In [36] sunt descrise ecuatiile celulelor LSTM si GRU in varianta vectorizata.
Aceste ecuatii sunt cele mai des intalnite in implementarile de sisteme cadru pentru
definirea si modelarea retelelor neuronale. Aceste ecuatii pot fi paralelizate in scopul
de a optimiza timpul de invatare, respectiv timpul de rulare.

Astfel, pentru retelele de tip LSTM avem urmatorul sistem de ecuatii:

Ct =fr ®Cp_g+1ip ®Et

Ct = g(Wexe +Uche_1 +bc)
ht =or ®g(ct)

it =o(Wixt +Ujht_1 + bj)
ft = O'(Wth +Ufht_1 +bf)
Ot = O'(WoXt +Uoht71 +bo)

(18)

iar pentru retelele neuronale de tip GRU, acest sistem de ecuatii devine:

ht :(1—Zt)®ht,1 +Z¢ ®/l'\;t

ht = g(Whxt +Up(rt ® ht_1 +bp) (19)
zt =0(Wyxt +Uzht_1+bz)

e = O'(WrXt +Urht—1 +b,—)
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3. ABORDARI CURENTE PRIVIND METODELE
PENTRU EVALUAREA STARII DE DEGRADARE A
BATERIILOR

3.1. Discutie asupra metodelor existente de estimare a starii
de degradare a bateriilor

In literaturd existd o preocupare activd in ceea ce priveste problema
estimarii starii de sdndtate a bateriilor dovedit de numarul mare de articole ce
trateaza probleme din acest domeniu. In figura 16 este prezentata o clasificare a
metodelor de estimare a starii de sanatate a bateriilor conform [37]-[46].

Metode de estimare a starii de degradare a bateriilor

Coulomb —§ 8 Logics fuzz
counting g y
ocv N g Vectorisuport
Spectroscopia . .
. " < < Filt rt |
de impedanta

l l

— Camp magnetic

— Entropia de esantioane
— Modele neobservabile
— Procese Gaussiene

— Procese Wiener
— Modele autoregresive

— Retele neuronale
— Abordari Bayes

Filtre Kalman

Simple
Extinse

Dublu extinse
UKF

Fig. 36. Clasificarea metodelor de estimare a starii de degradare a bateriilor
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3.1.1. Coulomb Counting

Este una dintre celeﬂ mai comune metode pentru estimarea SOH, estimare ce
se desfasoara in doi pasi. In primul pas se calculeaza capacitatea de descarcare a
bateriei, prin integrarea curentului de descarcare in timp. In pasul al doilea, se
calculeazd valoarea SOH prin raportarea capacitatii de descarcare la valoarea
capacitatii nominale a bateriei
T
Qdischarge = .[0 I (t )dt

SoH [o] = discharge | 1500,
rated

(20)

Principalii parametri monitorizati ai bateriei sunt: curentul de incarcare/descarcare,
tensiunea bateriei, capacitatea bateriei, temperatura bateriei. Metoda poate fi
transpusa adaptiv prin calcularea celor doi parametri din ecuatie in timpul ciclurilor
de incarcare/descarcare.

In [47]autorii au observat ca valoarea capacitétii de descarcare scade o
data cu cresterea ciclului de incarcare/descarcare. In consecinta functia SOH are un
trend descrescator, pentru o valoare de sub 80%, bateria se considera inutilizabila.
Acuratetea metodei depinde foarte mult de instrumentele de masura care este
indicat sa fie calibrate periodic pentru a nu introduce erori suplimentare.

Tot in [47] autorii sustin ca acuratetea depinde doar de acuratetea cu care
se masoara curentul si capacitatea initiala a bateriei. Se introduce o noua metrica
pentru caracterizarea ciclului de descarcare, si anume nivelul de descarcare(DoD):

Dop = Qreleased ., 100% (21)
rated

unde Qreleased €Ste capacitatea descarcata din baterie, Qrteq capacitatea nominala a
acesteia. In orice moment de timp, Dop se poate exprima:

Dopl(t) = Doplt)+ nADop(t)

t
- O g ()t (22)

in care I, este curentul bateriei (incarcare/descarcare), iar n este factorul de
eficienta. .

SOH este definit ca valoarea DoD cand bateria este degradatad. In fiecare
ciclu de ?ncércare/descérﬂcare, valoarea DoD este compensate cu valoarea eficientei
la incarcare/descarcare. In paralel, o recalibrare se face la fiecare stare terminala de
incarcare/descarcare. Printre avantajele acestei metode se pot aminti costul redus al
echipamentelor, putere de procesare redusa.

In [48] este prezentat un sistem de management al bateriilor complet, in
care SOC si SOH sunt calculate bazat de coulomb counting. Precizia este comparata
cu o versiune modificatda a metodei OCV combinata cu filtru Kalman pentru
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estimarea SOC. Erorile sunt calculate la diferiti curenti de incarcare/descarcare si se
situeaza in intervalul [-3%, +3%].

3.1.2. OCV

Aceasta metoda se bazeaza pe ideea definirii SOH in functie de tensiunea in
gol a bateriei. Modelul simplificat din [9] defineste Uocv ca in figura de mai jos:

Uopey =U + IR (23)

in care U, este tensiunea in gol a bateriei, I este curentul bateriei, R este
rezistenta interna a bateriei si U este tensiunea la borne.

—AAA——O +
R

+ v
- Uocv

I

A—

o -
Fig. 4. Modelul electric simplificat

Se pot distinge doud variante: metoda in timp real - online - in care
predictia se face bazat pe masuratori in timp real al parametrilor bateriei; metoda a
priori — offline - se bazeaza pe o analiza a curbelor OCV-SOH, din care reiese relatia
dintre OCV si SOH.

Asa cum este prezentat in [21] si [22], autorii au realizat un set extins de
teste pentru a obtine curbele OCV-SOH.

In [9], autorii s-au concentrat pe analiza influentei temperaturii in
constructia curbelor OCV-SOC. Influenta temperaturii nu este de neglijat atunci cand
este nevoie de o precizie cat mai mare. Autorii prezintd o metoda de a determina
curbele OCV-SOC in relatie cu temperatura. Curbele OCV-SOC se pot transforma cu
usurinta pentru a fi utilizate la determinarea SOH. In ciuda unei precizii foarte bune
de estimare, acest tip de metoda implica multe teste de laborator.

Varianta in timp real - online - se bazeaza pe OCV ca si parametru al
modelului electric prezentat anterior, determinat prin identificarea sistemelor. Erorile
de estimare sunt influentate de SoC initial al bateriei si de temperatura. Daca
diferenta dintre SoC initial real si cel utilizat in calcule este mentinuta cat mai
redusa, eroarea de estimare este de asemenea mica. O temperaturd scazuta
introduce o eroare medie patratica (RMSE) in intervalul 5% - 25%.

Metoda prezentata in [6], este o combinatie intre parametri electrici pentru
estimarea SOC si SOH. Algoritmul este destinat bateriilor cu mai multe celule si este
bazat pe masurarea puterii electrice. Eroarea de estimare depinde doar de perioada
pentru care se face predictia, cdnd supratensiunea ce apare la fenomenul de difuzie
a bateriei poate influenta SOC.
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in [4] autorii prezintd cateva dezavantaje al estimérii SoH prin intermediul
parametrului de tensiune in gol. Acestia sustin ca in conditii reale este foarte de
greu de determinat acest parametru, propunand o metoda simplificata in care OCV
este eliminat ca parametru, iar estimarea de face bazandu-se pe curbele CC-
CV(curent constant — tensiune constantd). Aceasta
modificare duce la simplificarea algoritmului, reduce puterea de procesare necesara
estimarii precum si reducerea costurilor hardware.

Autorii din [37] considerd ca OCV este foarte eficienta daca se foloseste in
combinatie cu metoda prezentatd anterior: coulomb counting. In [22], autorii
folosesc parametri exponentiali in combinatie cu OCV pentru estimarea SoH cu
ajutorul capacitatii incrementale. Aceastda combinatie produce o eroarea de estimare
ce se apropie de 1%.

3.1.3. Spectroscopia de impedanta

Metoda spectroscopiei impedantei (EIS) permite determinarea cu o precizie
foarte mare a impedantei interne a bateriei utilizdnd un spectru larg de frecvente la
un curent mic al bateriei. In literatura de specialitate este demonstrat ca
masuratorile EIS sunt un indicator foarte bun pentru SoC, din care se poate estima
SOH.

in figura urmatoare este prezentat impedanta bateriei in domeniul complex:

x10*

Am[Z](2)

7 8 9 10 M
Re[Z](@) x10°

Fig. 58. Diagrama Niquist obtinuta prin EIS [16][18]

Una dintre cele mai comune utilizari ale EIS este identificarea parametrilor
unui model electrochimic. Acest lucru este detaliat in [12], aplicat celulelor de tip Li-
Ion. Modelul are 16 parametri din care 6 sunt calculati a-priori si considerati
constanti, ceilalti 10 parametri sunt determinati cu ajutorul HMPSO, o metoda de
analiza bazata pe filtre de particule.
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Masuratorile EIS sunt facute pe baterii de timp Li-Ion incarcate la 100% si
50%, folosind un spectru de frecventa de 0.025Hz - 4kHz. Modelul identificat este
comparat cu modelul Randles, demonstrandu-se o precizie de calcul al parametrilor
de 8 ori mai mare. In articol nu este prezentata o metoda completa de estimare a
SOH, dar sunt sugerate doua modele ce ar putea fi folosite in acest sens.

In [16], autorii prezinta o fuziune intre metoda EIS si RNN, in care RNN este
folosit exclusiv pentru predictia SoH si RUL a bateriilor. EIS este folosita pentru o
analiza offline, pentru calcularea parametrilor circuitului echivalent. Modelul
electrochimic propus contine 5 parametri. Doi dintre acestia sunt folositi pentru a
modela rezistenta ohmica R1 si cea dependentd de SOC, R2. Modelul contine si doi
parametri ce sunt folositi la modelarea difuziei: CPE1 si CPE2, care sunt dependenti
de SOC. Masuratorile EIS sunt determinate la 25 grade C, iar spectrul de frecventa
folosit este [0,01Hz - 10kH]. Modelul este validat pentru vehicule electrice hibride,
demonstrandu-se totodatad ca este destul de simplu pentru a fi implementat pentru
orice sistem de management al bateriei.

Predictia se face folosit RNN avand ca intrare masuratorile RNN. Eroarea
medie rezultata de este de 2.1%.

O abordare noua folosind EIS estre prezentata in [20]. Autorii propun o
metoda de estimare a RUL bazata pe metoda degradarii calendaristice a celulelor Li-
Ion. Experimentele au fost realizate la 3 temperaturi diferite si 3 SoC diferite,
rezultatele masuratorilor EIS au demonstrat dependenta SOH de temperatura si de
SoC. Analizand curbele EIS, autorii au observat ca impedanta reald la 0,1 Hz variaza
exponential cu SoH, si poate fi folosita pentru predictia acestuia. In figura
urmatoare se prezinta aceasta dependenta exponentiala:
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Fig. 19. Impedanta estimata si cea masurata partea reala [16]

Rezultatele prezentate sugereaza ca acest parametru
masuratori EIS poate fi folosit cu succes pentru predictia SoH, modelul sugerat fiind
unul mult mai simplu decat cel electrochimic.

identificat prin
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3.1.4. Filtre Kalman

Filtrele Kalman reprezintda o metoda performanta de estimare a starilor unui
proces. Este compus din doua parti: partea de predictie si cea de actualizare. Starea
procesului este estimata in faza de predictie. In faza de actualizare, filtrul obtine o
reactie din masuratori(considerate afectate de zgomot de tip Gaussian) [49].

Ecuatiile standard al unui filtru Kalman sunt urmatoarele:

X(e[e-1) = FtX(e—1]e-1) * BrUe
Pelt-1) = FePe-1je-1) + Qe

X(ele) = X(tle-1) *+ Kt(yt - Htf((t\tJ)) (24)

Ke = P(t\t—1)HtT(HtP(t\t—1)"’tT + Rt)_l
Ptle) = Reje-12) — KeHeReje-1)

in care: X este starea estimata, F este matricea de tranzitie a starilor, B matricea
de control, u este vectorul de control, P este matricea de varianta a starilor, Q este
matricea de varianta a procesului, y este vectorul de masurare, H este matricea de
masurare, K este amplificarea Kalman si R este matricea de varianta a
masuratorilor.

SOH estimation

Extended Kalman filter
(EKF)

\

( ™
| Dual Extended Kalman filter

L (DEKF) )

Kalman filter

<
Unscented Kalman filter
_’[ (UKF)

Linear systems : Nonlinear systems

Fig.20. Variante de filtre Kalman utilizare in sisteme neliniare

Filtrele Kalman sunt utilizare de obicei in sistem liniare. Pentru sistemele
neliniare, cum e cel pentru estimarea SOH a bateriei, existd in literatura cateva
versiuni modificate.

Filtrul Kalman extins este folosit pentru predictia starilor unui proces
neliniare, in care ecuatiile de tranzitie si de masurare sunt neliniare, dar trebuie sa
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fie diferentiabile. Pentru estimare SOH, filtrul Kalman dual extins este format dintr-
un filtru Kalman pentru predictia SOC si celdlalt pentru predictia capacitatii bateriei.
Filtrul Kalman U cunoscut si sub forma de filtru Kalman bazat pe puncte sigma
elimind cateva dezavantaje ale filtrelor Kalman extinse si imbunatdteste
performanta. In acest caz, functia de distributie a probabilitatii este estimata prin
cateva puncte sigma, care reprezinta un subset de puncte calculate in asa fel sa fie
apropiate de valoarea mediana. Transformarea neliniard acestor punte vor genera
estimarea covariantei mediane.

In [50] si [51] autorii folosesc un model Randles de ordin 2 pentru a obtine
ecuatiile de stare a filtrului Kalman extins. In primul caz, SOH este calculat bazat pe
SOC, in al doilea caz, SOH este calculat bazat pe impedanta interna a bateriei.
Ecuatiile modelului sunt:

At
SoCy 1 0 0 SoCy_1 Chat
At At
Vik |=|0 1-—— 0 Vi k-1 |+] —
Vzlk RiCs Vzlk 1 €1 (25)
7 0 0 1_ At V4 A_t
RoC> Cy
Vbat, k =Voc(SoCk )+ V1, k +V2 k +Rolpat, k
respectiv,
T
R,C
T Ryl 1-e"1+1
eRiC1 0 0
V1, k+1 R‘g Vi, k R‘Z
Voker|=| 0 €72%2 0|V |+|Ry|1-€72%2 |Ipat i (26)
Ro,k+1 0 0 1 Ro,«k
0

(Vce//,k —VOC,k)' =(1 1 0)x+Rok Ipatk

in care SoCy este SOC la momentul k, Ry, R1, Rz, Ci1, si C2 sunt parametri modelului
electric Randles de ordin 2 care modeleaza impedanta bateriei, Vi« si Vs sunt
componente ale tensiunilor modelului Rande la momentul k, Voc este tensiunea in
gol a bateriei, Iratk este curentul bateriei, Vsar este tensiunea la borne a baterie,
Ve k €ste tensiunea in gol per celuld, si x = (Vix V2x Ro k)T variabila de stare. In
ambele cazuri, eroare de estimare este sub 4%.

In [52], filtrul Kalman extins este folosit pentru a modela parametri unei
baterii Li-ion cum ar fi: tensiunea la borne, tensiunea in gol si SOC. Autorii se
bazeaza pe baterii folosite la masini electrice. Rezultatele experimentale aratd o
eroare de estimare de aprox. 1%.
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Filtrul Kalman dual extins este prezentat in [53] si [54]. Doua filtre Kalman
sunt folosite: unul pentru estimarea SOC, celdlalt pentru estimarea altor parametrii
ai bateriei, cum ar fi capacitatea. Figura de mai jos prezinta structura unui filtru
Kalman dual extins:

M+ ~~~"~"77"7"7"7"7"°"& I SRRSO e S —— A
| L Y3k :
Xi_y )] Time Update |~~~ """~~~ "| Measurement [~ At
Up_y s EKF, < ,| Update EKF, > X,
-~
9; xk U,—e YVi—4
A 4 Y
Time Update | Measurement At
A » EKFo W _________ ,| Update EKFo |- > O
¥ 2
G- hpa Z_ Ok ]

Fig.21. Arhitectura Filtrului Kalman Dual

Filtrul este bazat pe un model electric Randles de ordin 2. Autorii sustin ca o
datd cu cresterea ordinului modelului electric, estimarea devine greu de realizat
datorita complexitatii in aplicatii real-time. In primul articol, erorile de estimare se
situeaza intre £5%. Eroarea de estimare in cel de-al doilea articol se situeaza in
jurul valorii de 2%.

Filtrul Kalman U este prezentat in [55] si [56] pentru estimarea SoH.
Modelul electric al bateriei utilizat este Randles de ordin 2. Acest tip de filtru a fost
introdus pentru a aborda cateva probleme pe care le prezinta filtrele Kalman extinse
[57]. Printre probleme se numara probabilitatea destul de mare ca filtrul sa fie
divergent daca starea initiala nu este specificata in mod corect, rezultand un model
eronat al procesului. O alta problema constituie aproximarea mediei posterioare si a
matricei de covarianta care pot sa duca la erori semnificative.

In [55], autorii compara performanta estimarii SOH utilizand filtre Kalman U
cu cea a coulomb counting. Filtrul Kalman U se adapteaza perfect la neliniaritatile
bateriei si rezolva problemele celei de-a doua metode (acumularile de erori),
rezultand o estimare a SoH aproape de cea reald. Eroare de estimare se situeaza
intre 2.2 si 2.9%.

In [56], filtrul Kalman U este folosit in combinatie cu algoritmul SVR. SVR
este folosit pentru a determina valoarea capacitatii initiale ce se introduce la
intrarea filtrului Kalman U. Acest lucru este facut offline, bazat pe analiza curbelor
de imbdtranire. Performanta algoritmului este sub 1%.

In [58], filtrul Kalman U este aplicat modelului electrochimic. Autorii
monitorizeaza raspunsul tensiunii bateriei la pulsuri de curent si rezistenta interna a
acesteia. Metoda este adaptiva, cu un timp de calcul initial de 40 min, pana cand
valorile incep sa convearga la valorile reale a parametrilor.

Autorii din [59] propun o metoda de estimare a SOH obtinut prin combinatia
filtrului Kalman extins si metoda analizei cvadratice. Ecuatiile filtrului Kalman sunt
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obtinute dintr-un model electric de ordin unu. Parametri bateriei obtinuti prin EKF,
sunt folositi in clasificarea: baterii nefolosite, putin folosite, foarte folosite. Eroarea
de clasificare atinge un maxim de 8.3%.

In [60] estimarea SoH foloseste un filtru EKF bazat pe capacitatea si
rezistenta de difuzie. Metoda propusa este validata prin multiple teste de laborator
prin masurarea offline a parametrilor bateriei si ridicarea curbelor de Tmbatranire.
Eroarea de estimare este de +5%.

In [61], autorii folosesc un filtru Kalman bazat pe diferenta centrala (CDKF).
Acesta din urma estimeaza mai precis neliniaritatile bateriei. CDKF este o varianta
de SPKF adaptat pentru utilizarea in implementari practice datorita numarului redus
de parametri.

3.1.5. Logica Fuzzy

Logica fuzzy este un concept matematic care generalizeazd logica si
multimile booleene. ideea de baza este ca se permite elementelor din multimile
fuzzy sa aiba grade de apartenenta la acea multime. O functie de apartenenta este
aplicata fiecarui element x dintr-o multime A, iar valoarea functiei este situata in
intervalul [0, 1], ceea ce reprezinta cat de mult apartine x la multimea A. Logica
fuzzy se bazeaza pe operatorii booleeni SI, SAU si NEGAT, definiti in tabelul de mai
jos:

Tabel 1. Operatori de logica fuzzy

Operatie Rezultat
xSly min(x, y)
x SAU y max(x, y)
x NEGAT 1-x

Logica fuzzy se poate aplica si in cazul estimarii SOH, daca se definesc
cateva functii de apartenenta pentru SoH, cum ar fi stare buna, stare acceptabila,
stare degradata.

Unul dintre articolele care folosesc aceastda metoda de estimare este [62].
Autorii propun un model derivat din cel electrochimic, iar estimarea se face pentru
SOC, SOH se face folosind trei metode: ARMA, retele neuronale si logica fuzzy.
Aceste trei metode sunt comparate, metoda bazata pe logica fuzzy prezentand o
eroare aﬂpropiaté de celelalte metode.

In [63], autorii realizeaza un set de teste pe un numar de 95 de baterii Li-
Co, incarcandu-le la curent constant de 0.5 C si descarcandu-le cu diferiti curenti de
descarcare. Autorii folosesc 3 parametrii pentru a genera multimile fuzzy iar functiile
de apartenenta sunt de forma distributiei normale. Erorile de estimare variaza intre
1.4% si 9.2% dovedind-se ca logica fuzzy poate fi 0 metoda ce se preteaza pentru
estimarea SOH.

O alta abordare bazata pe logica fuzzy este prezentata in [64]. Rezistenta in
curent continuu este folosita ca parametru, fiind masuratd in faza de incarcare.
Autorii demonstreaza existenta unei relatii intre rezistentd si capacitatea bateriei.
Dupd calculul rezistentei, se definesc 4 functii de apartenenta care delimiteaza
domeniul intrarilor. Functiile de apartenenta definesc 4 limite: baterie sanatoasa,
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baterie acceptabild, baterie slaba si baterie degradata. Valoarea actuala a capacitatii
de face prin intermediul relatiei:

4
E i=1lJiOi
A :4—

i=1pi

C (27)

in care Ca este capacitatea actuald estimate, y; este puterea de activare (grad de
indeplinire) al regulii i, iar O; este puterea de activare a regulii de iesire. Este
calculatd capacitatea actuald a mai multd baterii avand SoH in intervalul 100% -
20% folosind metoda propusa. Eroarea de estimare se situeaza sub 5%. Autorii
arata ca metoda propusa este mult mai buna decat regresia liniara a carei eroare de
estimare ajunge si la 10%.

In [65] si [79] autorii pornesc de la un model dublu exponential de forma:

_(Xjﬁl _(XJEZ
ysir =ag +aze 1 +aze \92 (28)

Parametrii functiei sunt estimati folosind logica fuzzy, generand erori de estimare in
intervalul 5%-10%.

3.1.6. Vectori suport

Constituie una dintre cele mai populare metode de estimate pentru SOH a
bateriei in varianta neliniara.

Notiunile de baza a SVM sunt prezentate in detaliu in [55] si [66]. Avand un
set de date de antrenare, notat prin {(x1, y1), (X2, ¥2), ..., (Xn, ¥n)} <« R" x R = in
care R" este spatiul datelor de intrare x;, iar datele tinta sunt y;, scopul este sa se
determine o functie f(x) care sa aproximeze datele tinta cu o deviatie maxima ¢,
pentru toate datele de antrenare. Aceasta functie are urmatoarea forma:

f(x)=(w,x)+b (29)

cuweR" beRsi({, - fiind produsul scalar in R". Exista insa situatii cand aceasta
functie nu existda. Pentru a rezolva aceasta problema se introduc variabilele
suplimentare & si &, care odaAté introduse, ofera posibilitatea definirii unui interval
pentru eroarea de masurare. In acest caz, problema se rezuma la cea de optimizare
duala.

Problema optimizarii duale se rezolva folosind tehnici de programare
patratica care presupun aplicarea unei transformate neliniare intrarilor, transformata
ce translateaza intrarile intr-un spatiu multidimensional. In acest caz, functia
devine:

F(x) = i(ak - a K (x(k), x)+ b (30)
k=1

*
in care % sunt variabilele duale obtinute prin aplicarea Laringianului relativ la
(w, b, &, &), iar K este functia nucleu (functie de mapare) avand forma:
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K(x(k), x(m)) = (@(x(k)), o(x(m))) (31)
in care @ reprezinta transformata neliniara.
Algoritmul RVM [68], [69], reprezinta forma Bayesiana a SVM si difera de
acesta prin introducerea unei interpretari probabilistice ale iesirilor. Predictia iesirilor
are urmatoarea forma:

t= y(x)+ €n (32)

in care t este tinta pentru predictie, y(x) este functia ce translateaza datele de
intrare in cele tinta(de iesire) conform SVM, iar &, exprima zgomotul procesului.
Dupa aplicarea legii lui Bayes, rezulta o functie de distributie posterioara:

p(t|w, o? jp(w, a)

p(t|a, 02)

in care w este vectorul ponderilor, « este vectorul hiperparametrilor folosit pentru
controlul deviatiei ponderilor, o este varianta, si p este functia de distributie
posterioara.

Noile predictii se calculeaza prin integrarea ponderilor si calcularea
probabilitatii marginalia ale hiperparametrilor:

p(t|a, o? ) = I p(t|w, o? )p(w|a)dw

-1/2 -1
- (2n)V/2 ‘B‘l N (DA‘ICDT‘ v exp{—%tT(B_l + cDA—laJTj tj

(33)

p[w|t, a, 02) =

(34)

in care A = diag(ai, ..., an+1), Ssi B = 021, iar @ cste matricea functiei nucleu,
obtinuta printr-un set de date de antrenare.

Cele doua formule de estimare pot fi aplicate seturilor de date de antrenare
care contin parametrii ai bateriei cum ar fi capacitatea.

Algoritmi de tip SVM sunt prezentati in [56], [66]-[72]. Ca o caracteristica
generald, acesti algoritmi ruleaza pe seturi extensive de date de antrenare obtinute
prin ciclarea bateriilor. Variante online cu predictii in timp real solicita resurse
computationale ridicate si de cele mai multe ori sunt prezentate ca simulari in
Matlab.

In [56], seturile de date pentru constructia vectorilor sunt obtinute prin
teste indelungate de imbatranire a bateriei. SVM este comparat cu UKF, prezentand
erori de predictie asemanatoare. Daca se cunoaste capacitatea initiala a bateriei,
eroarea de predictie este de 1%. Fara aceasta informatie, eroarea poate creste la
20%.

in [69], autorii aplicd SVM pe seturi de date rezultate din spectroscopii ale
impedantei bateriei. Modelul estimeaza degradarea capacitatii bateriei precum si
modificarea rezistentei interne ale acesteia, care sunt intrari pentru calcularea SOH
si RUL. SVM prezinta o performanta mai mare decat modelul Markov cu stari
invizibile, cu o eroare de estimare maxima de 2%.

In [70], algoritmii SVM sunt aplicati pe seturi de date de baterii puse la
dispozitie de NASA. Doua variante sunt prezentate: online — in timpul ciclurilor de
incarcare/descarcare si cea combinata cu analize offline. Erorile medii absolute de
estimare este 0.02 in cazul variantei combinate si 0.03 in cazul variantei online.
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O varianta a SVM aplicata datelor obtinute din teste de anduranta la bateriile
vehiculelor hibride este prezentata in [71]. Vectorii sunt corelati cu valoarea
curentului de descarcare pentru a spori performanta algoritmilor.

In [72] SVM este aplicat pentru aproximarea curbelor capacitatii bateriei
obtinute prin metoda capacitatii incrementale. Autorii aratd cum se poate aplica
aceasta metoda pentru baterii de timp litiu-polimer. Metoda se bazeaza pe
actualizarea parametrilor in functie de conditiile curente ale bateriei. Eroarea de
predictie se situeaza in jurul de 1%.

Autorii din [67] si [68] folosesc RVM cu setul de date de intrare oferite de
NASA. Atentia este indreptata pe comparatia cu SVM, dovedindu-se erori mai mici
pentru RVM, sub 0.6%. Cel din urma articol abordeazda problema degradarii
bateriilor in vehicule electrice. RVM este aplicat pentru RUL obtindndu-se o eroare
maxima de 9 cicluri incarcare/descarcare.

3.1.7. Filtre particule

Aceasta metoda se potriveste sistemelor neliniare in care parametrii
modelelor bateriei sunt necunoscuti sau acestia se schimba in timp. Metoda are ca
rezultat functia densitate de probabilitate bazata pe un set de puncte ce apartin
spatiului starilor.

In [73], autorii folosesc un model electrochimic simple pentru baterii Li-Ion
pentru care parametrii sunt identificati prin RVM. Valorile obtinute in pasul anterior
sunt folosite ca date initiale pentru algoritmul bazat pe particule. Particulele sunt
recalculate ulterior la fiecare iteratie.

In fig. 22 sunt prezentate 2 rezultate tipice pentru filtrele bazare pe
particule, functiile densitate probabilistica pentru RUL. Se poate observa ca unul
dintre avantajele folosirii particulelor este ca genereaza o distributie probabilistica in
timp, si nu se bazeaza doar pe un punct/datd. Acest lucru are ca si consecintd
reducerea incertitudinilor la nivel de parametri ai modelului precum si cel al
masuratorilor.

Particle Filter Prediction
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Fig. 22. Rezultatele predictiei folosind filtru de particule [73]
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in [74], filtrele bazate pe particule sunt folosite pentru estimarea SOC si
SOH al bateriilor de tip Li-fosfat (LiFePO4). Autorii folosesc o metoda bazata pur pe
datele de intrare fara a folosi un model electric al bateriei, parametrii folositi fiind
doar OCV si curentul de incarcare/descarcare. Pasul de reesantionare al PF, denumit
si reesantionare cu variantda redusa, consta n urmatoarea regula: cand se
genereaza un nou se de esantioane, esantioanele vechi cu ponderi mari sunt
fnmultite, pe cand cele vechi cu ponderi scazute sunt eliminate din calcul.

Autorii au validat solutia in doua domenii: retele fotovoltaice pentru consum
casnic si vehicule electrice. Rezultatele nu sunt prezentate in cel mai mare amanunt
atentia fiind indreptata spre eroarea medie absoluta care este in jurul a 2%.

Autorii din [75] demonstreaza faptul ca FP este mult mai precis decét
metodele bazate pe regresie statistica, compalzénd erorile de predictie si
dimensiunea functiei de distributie probabilistica. In plus, este prezentat si un
avantaj al FP si anume ca timpul pana la generarea primei predictii este mult mai
scurt comparativ cu celelalte metode.

Aceiasi autori prezinta in [76] o imbunatatire a algoritmilor bazati pe FP. Ei
au observat ca atunci cand spatiul starilor modelului este definit prin vectori de mari
dimensiuni, procesul de reesantionare nu poate reduce varianta erorilor particulelor.
Ei propun sa inlocuiasca acest spatiu de stari cu cel calculat bazat pe metoda Rao-
Blackwellized (FPRB). Se demonstreaza ca FPRB prezinta erori mult mai mici iar
functia de distributie este mult mai compactd rezultand o predictie mult mai buna.

In [77], autorii propun folosirea a doua modele analitice ca intrari pentru FP.
Mai precis, acestia folosesc FP pentru a estima parametri modelului matematic
polinomial si cel exponential. Aceasta solutie poate fi implementata intr-un sistem
de management al bateriilor cu predictie in timp-real la fiecare ciclu de
incarcare/descarcare. O imbunatatire a acestei solutii este prezentata in [78], in
care autorii introduc o noua abordare in modelarea capacitatii bateriei. Este o
combinatie dintre cele doud modele anterioare, rezultand o mai buna precizie de
estimare.

Filtrele bazate pe particule pot fi folosite ca un mecanism auxiliar pentru
predictia RUL, asa cum este prezentat in [79]. Autorii prezinta o metoda complexa
care se bazeaza pe modelul Verhulst. Pentru optimizare se foloseste o noua metoda,
prin care se optimizeaza siruri de particule. FP este folosit pentru a compensa erorile
de predictie prin ajustarea modelului Verhulst.

O solutie originala este prezentata de autori in [79] si [80]. Autorii folosesc
un model matematic simplu cu doi termeni exponentiali, pentru a facilita si
implementarea intr-un sistem de management al bateriei real. Ei folosesc metoda
Bayesiand Monte Carlo, similara cu FP, in care rezultatul este tot o functie de
distributie al probabilitatii:

N
P(Xk|Qo:k) ~ Z“W(Xk - x,’(j (35)
i=1
in care X;f este un set inde i i w/l‘ iecarui
pendent de esantioane din P, ponderea fiecarui
esantion; &(-) functia impuls Dirac. Reesantionarea si recalcularea ponderilor se face
intr-un mod diferit de cel clasic FP. Pentru estimarea valorilor initiale ale bateriei se
foloseste metoda Dempster-Shafer, in primii n cicli de incarcare/descarcare. BMC
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este folosit pentru a actualiza parametrii modelului la fiecare ciclu si totodata
actualizand SOC si RUL.

In [80] FP este prezentat in comparatie cu EKF, scotandu-se in evidenta
eroarea de estimare a FP care este in jurul de 1.1%, fata de EKF unde poate ajunge
si la 8.6%. in [81], autorii compara eroarea de predictie a metodei BMC folosind
doua metode de calcul al parametrilor diferite: DST si metoda mediana. Eroarea de
predictie este de 2.1% pentru prima metoda de calcul, respectiv 8.3% pentru cea
din urma.

In [82] autorii prezinta o modificare a FP, precizdnd si dezavantajele
metodei clasice: degenerarea particulelor. Ei propun o solutie pentru a evita acest
lucru si anume utilizarea unui filtru Kalman U pentru a genera distributia
particulelor, urmand sa se foloseasca pasii normali de reesantionare si calcul al
ponderilor din FP. Sunt prezentate o serie de teste din care rezultd ca metoda
propusd asigurda o eroare de estimare de sub 5% pe cand solutia clasica atinge o
valoare a erorii de 7%.

O alta varianta a FP este prezentatd in [83] pentru estimarea SOH si RUL.
Aceasta metoda isi propune sa reduca dezavantajele celorlaltor metode prezentate
anterior: FP clasic, RBFP si FPU. Printre acestea se numara: fenomenul de
imputinare a esantioanelor, lipsa acuratetei de determinare a functiei densitatii de
probabilitate. Metoda propusa transforma particulele ce au fie valori ale ponderilor
foarte mari, fie valori ale ponderilor foarte mici in asa fel incat sa urmeze cat mai
fidel partea posterioara al densitatii de probabilitate. Figura 9. prezinta acest
algoritm.
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Fig.23. Transformare MPF a functiei de distributie de probabilitate posterioara

(b)

Weights

System state

in [84], [86], [87] sunt prezentate variatii ale metodei FP implementate in
sisteme incorporate si simulate in platforme dezvoltate in Matlab. Autorii se axeaza
pe estimarea RUL precum si detectia si prevenirea erorilor de functionare a
algoritmilor.
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3.1.8. Alte metode

O noua metoda pentru estimarea SoH si RUL ce poate fi implementata in
sisteme incorporate cu resurse limitate este prezentata in [5]. Estimarea SoH se
face tinand cont de SoC iar metoda de predictie este una bazata pe regresie in
sensul celor mai mici patrate.

In [88] autorii folosesc campul magnetic pentru a determina daca o baterie
este degradata sau nu. Sunt folosite doua bobine, prima pentru a genera cadmpul
magnetic, iar cea de-a doua pentru masurarea variatiei cdmpului magnetic datorat
concentratiei de protoni. Se demonstreaza existenta unei relatii intre SoH si variatia
campului magnetic masurat o data cu degradarea bateriei.

O combinatie intre estimarea bazata pe cele mai mici patrate si cea prin
entropia de esantionare este prezentata in [89]. Autorii folosesc metoda entropiei de
esantionare pentru a modela capacitatea bateriilor Li-Ion folosind teste extensive de
laborator. Se foloseste o functie polinomiala de ordin 3 pentru a reprezenta
corespondenta in valoarea capacitatii bateriei si valoarea entropiei pentru fiecare
temperatura.

In [90] este descrisa metoda aproximarii entropiei. Aceasta este o varianta
a metodei entropiei de esantionare folosita pentru estimarea SoH la baterii de
plumb. Aceastd metoda consta in calcularea functiei ApEn(m, r, N) pentru un set de
date x(i) = x(1), x(2), x(3), ..., X(N), cu N, reprezentdnd numarul total de puncta, m
lungimea subsetului de puncte pentru care ruleaza algoritmul, r este toleranta -
considerata 0,2DS unde DS este deviatia standard al setului de date:

PR
DS = mlz; x(/)—N;x(/) (36)

Functia ApEn este calculata folosind relatiile:

ApEn(m,r,N)=@™(r)- @™ 1(r)
N
my_ 1 vm(i)
¢ (r)_N—m+1izl:ln[N—m+1} (37)

vm(i) = No.of_d[X(i)j X(j)<r

cu d fiind distanta intre vectorii(diferenta absoluta intre elementele scalare din
vectori):
X()=[x(), x(G+1), .., x(+m-1), i=1, N-m+1 (38)

X()=[x(G), xG+1), .., xG+m=-1), j=1, N-m+1

Autorii din [91] folosesc un model cu stari neobservabile pentru estimarea
SOC si SOH a bateriilor de tip Li-Ion. Setul de ecuatii al modelului este determinat
prin folosirea unui model electric complex alcatuit din doud grupuri RC. In plus se
prezintda un model pentru auto-descdrcarea bateriei. Estimatorul are urmatoarea
forma:
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& = A% + BlIg + Do(Vsoc, Ip) (39)

in care A, B si D sunt matricile de stare si de iesire, S este vectorul de stari, si ¢
descrie neliniaritatile de estimare. Bazat pe ecuatia starilor se poate calcula
rezistenta internd Ro a bateriei si se foloseste urmatoarea formuld pentru calcularea
SoH:

Ro,eoF —Ro
Ro,eoF —Ro,new

SOH =

x 100 (40)

in care Ro este rezistenta internd curenta a bateriei, RoforF este rezistenta interna a
bateriei cand bateria este considerata inutilizabila, iar Ronew este rezistenta interna
a bateriei cand bateria este noua.

O metoda bazatd pe functia densitate de probabilitate este prezentata in [90].
Aceasta metoda este combinata cu analiza incrementala a capacitatii bateriei pentru
a determina evolutia SOH. Se folosesc urmatoarele serii pentru a calcula functia de
densitate:

Vg =Vp+k-8V, k=0,1,2,...
{d,k 0 (a1)

Qd,n =Qo +n-dQ=n-1-t, n=0,1,2,...

unde Vg« este tensiunea de iesire a bateriei, d conventia de notatie pentru termenul
digital, kK numarul esantionului, si Qg« este capacitatea bateriei obtinuta prin
integrare si care corespunde cu Vq«. Valorile seriilor sunt calculate urmand multiple
teste de incarcare/descarcare.

O metoda derivata din cea prezentata anterior si care foloseste doua functii
de densitate de probabilitate este descrisa in [92], in cadrul unui model Gaussian
adaptiv. Prima functie densitate este folosita pentru caracterizarea seturilor de date
din istoric, iar cea de-a doua pentru caracterizarea setului de date curent.
Parametrul bateriei folosit pentru estimare este capacitatea bateriei.

In [94] autorii propun regresia functionala gaussiana pentru estimarea SoH.
Capacitatea bateriei este monitorizata pentru a determina evolutia SoH. Un proces
de tip Gaussian este definit ca un set de variabile aleatoare {f(x;)|xi € X}, in care x
reprezinta spatiul intrarilor (cicluri de incarcare/descarcare), si functiile mediana si
covariatie:

mi(x) = E(F(x)

k(x;, x J-) = Ef(f(x j)_ mix ] )- (f(xj)_ m(xj ))] (42)

Functia de covariatie prezinta o componenta functionala si o componenta ce
modeleaza zgomotul, considerat gaussian. Flexibilitatea algoritmului se poate mari
prin introducerea de parametrii aditionali prin folosirea functiei polinomiale de ordin
2 pe post de functie mediana. Erorile de estimare se reduc substantial in acest caz.
Algoritmul necesitd un numar ridicat de date de antrenare pentru a atinge
performanta sporita, autorii folosesc un minim de 100 de cicli.

Estimarea RUL prin folosirea unui proces Wiener este propusa in [95].
Functia de degradare a RUL este exprimata prin urmatoarea formula:

Y(t)= X(t)+&=At +ogB(t)+¢ (43)
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Fig. 64. Algoritm de estimare RUL propus in [87]

in [96], autorii propun o solutie de estimare a SOH bazata pe modelul
autoregresiv optimizat:

v,-k+1 =w- v,-k + cl(pbest/ - x,-k) + cz(gbestk - x,-kj (44)
44

Xik+1 _ Xik +d- Vik+1

in care, prima ecuatie reprezinta actualizarea vitezei particulelor, v/*! este viteza
noud a particulei /i, w ponderea inertiei, v/ este viteza precedenta a particulei i, ¢; si
c2 sunt parametrii de accelerare, d este un parametru de ajustare, x/¥ este locatia
particulei I in iteratia k, x/*! este locatia particulei / in iteratia k+1, pbest; este cea
mai buna locatie individuald pe care o poate avea particula i, si gbest este cea mai
buna locatie pe care o pot avea particulele ca grup in spatiul de solutii.

In [97] o retea neuronala este folosita pentru modelarea proceselor
electrochimice ale bateriei. Aceasta are functia de activare pentru fiecare neuron in
forma gaussiana:

2
rie —ti
i(re) == G(||r,< —fi||)= exp —M , i=1.M (45)
oj

unde, r« = [Vk Ix SoC«]" reprezinta vectorul de intrare pentru reteaua neuronala la
momentul k, t; si 0; sunt centrul si deviatia standard a functiei lui Gauss, M este
numarul de neuroni din nivelul ascuns. Reteaua neuronala are ca iesire tensiunea la
bornele bateriei la momentul (k+1). SOH este determinat folosind curve Voltaj -
capacitate. Pentru a obtine rezultate bune este nevoie de o antrenare cu un set
consistent de date.

In [90] autorii folosesc o retea neuronald pentru a estima SOH al bateriei.
Parametrul bateriei pe care se bazeaza estimarea este rezistenta internd a acesteia.
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Reteaua neuronalda este impartita intr-o subretea una pentru estimarea SOC si
cealalta pentru estimarea parametrilor R-C al modelului electric Randles.

O varianta probabilista de retele neuronale sunt folosite in [93]. Acest tip de
retea are avantajul ca prezinta o viteza de invatare ridicatd, iar datele de antrenare
se pot aplica direct fara a fi nevoie de iteratii.

Abordari ce se bazeaza pe teoria Bayesiana sunt prezentate in [93] si [92].
Estimarea RUL se bazeaza pe predictia curbelor de capacitate ale bateriei. Predictia
se bazeaza pe analize offline si calcule a priori pentru a accelera procesul de
estimare.

3.2. Evaluarea comparativa a metodelor existente de estimare
a SOH/RUL

Datorita multitudinii metodelor de estimare a starii de degradare a bateriilor
si complexitatea acestora - fiecare metoda are particularitatile sale — este foarte
greu de comparat aceste metode intre ele in lipsa unui set de criterii bine definit.

Am propus urmatorul set de criterii care faciliteaza evaluarea comparativa a
metodelor:

e Chimia bateriei - exista metode specifice care se aplica tuturor
tipurilor de chimie, precum exista si metode aplicabile doar unui
anumit tip

e Complexitatea computationald - acest criteriu defineste tipurile de
operatii prin care sunt implementate metodele care pot sa varieze
de la cele mai simple, functii polinomiale de ordin 2, pana la cele
mai complexe care pot fi operatii matriciale, functii trigonometrice,
diferentiale, logaritmice, exponentiale.

e Modul de procesare a datelor - existd metode care se aplica datelor
primite in timp real (online), precum si metode care se aplica
datelor obtinute printr-o multitudine de teste de laborator (offline).

e Parametrul estimat: exista metode care estimeaza SoH, sau RUL,
sau si SoH si RUL.

e Timpul de procesare pentru prima estimare: timpul de rulare a
metodei pe platforma de procesare specificata

e Precizia estimarii: este un parametru ce defineste cat de precisa
este estimarea, este definit prin metrica definita de fiecare autor in
parte (unii au autori au optat pentru eroare absoluta, alti autori au
optat pentru eroarea medie absoluta procentuala, etc.)

in continuare am realizat un tabel in care am evaluat toate metodele
prezentate la capitolul anterior prin intermediul setului de criterii definit mai sus:
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Tabel 2. Evaluarea metodelor de estimare a starii de degradare a bateriilor

Timpul de
L. . Modul de SoH/ procesare -
< Chimia Complexitate Precizia
Retuda S Bateriei computationala g;:::leosfre a Z:tli-m. :fi:::‘u estimarii
estimare
~ 9% fn ciclul
. Functii si operatii . 21;
[47] Li-Ion liniare Online SoH N/A ~ 1% dupi al
8-lea ciclu
Functii si operatii
liniare — metoda
Coulomb ionitialz‘ét_? in
Countin peratii inati
9 matriciale go:;\bmap
[48] LiFePO4 (inmultire, Online SoH i intre +/-3%
transpusa), Klltlrarea
" alman::
Functii
exponentiale 2000 sec
(versiunea
modificatd)
Operatii liniare, O:rlgnniectl:'i Eroare de
[4] Li-Ion functii Eeterminati SoH N/A estimare:
. t o
oy exponentiale offline < 1%
Funcfii Parametri
[22] Li-Ton f:r'::gm'a'e U |identificati | SoH N/A < 1%
exponentiali offline
Aplicabil Operatii
tuturor matriciale
[59] E'ﬁi‘;:'i'i?r de E'r';’r’:s“p'z'gz) Offline SoH N/A Max. 8.3%
demonstrat | functii
pentru NiMH | logaritmice
operatii Eroare de
matriciale estimare se
[60][60] | Li-Ion (inmultiri, Offline SoH N/A situeaza in
transpusa), intervalul:
functia radical +/-5%
operatii
matriciale . N
_ (inmultiri, Online, _RMS in
Filtre Kalman [55] Li-Ion transpus), functii bazat pe SoH N/A intervalul
polingmialé (de  |date offline 2.2% si 2.9%
ordin 3)
ﬂqp;:?g;;le Eroarea de
[53] Li-Ion (inmultiri Online SoH N/A estimare +/-
b r [
transpusa) 5%
" Estimarea Eroare de
operatii se estimare a
matriciale bazeaza parametrilor
[50] Li-Ion EII'ZTSUFJE;%) Online SoH Fuztd:;ee modelului 1%;
functii fereastry |Soare de
exponentiale de 30 estimare a
i : SoH < 4%
minute
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operatii
matriciale eroare de
[56] Li-Ion ELZ?SUF:E';%) Online SoH N/A estimare:
’ 0,
functii <1%
exponentiale
operatii
matriciale eroare de
[51] Li-Ion Elgr:sugﬂgg) Offline SoH N/A estimare:
r 0,
functii < 4%
exponentiale
operatii
matriciale Online cu eroare de
[52] Li-Ion (fnmultiri, parametri SoH N/A estimare:
transpusa), obtinuti < 1% ’
functii offline °
exponentiale
operatii
matriciale
[54] Lead acid | (Inmultiri, Online SoH N/A < 2%
transpusa),
functii
exponentiale
Actualizar
ea
parametri
lor
operatii modelului
matriciale 232;”; a
[58] Li-Ion (inmultiri, Online SoH eroare 2%
transpusa), )
operatii liniare avcceptab|
la este de
40
minute
operatii
matriciale MSE in
[61] Li-Ion (inmultiri, Online SoH N/A intervalul -0.6
transpusa), si 0.6
functia radical
Aplicabil
tuturor F .
tipurilor; unctii . eroare de
Demons’trat exponentiale, estimare:
[56] pentru NMC produs vectorial | Offline SoH N/A < 1% :
v . (Nickel (multiply and
ectori acumulate)
suport Manganese
(SVM-RVM) Cobalt)
Functii ) Specifica
exponentiale, ?fggz fi ca este eroare de
[69] Li-Ion produs vectorial poate SoH and R| intensiv estimare ~
- modificat :
(multiply and online) computati | 2%
acumulate) onal
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Functii
exponentiale, SVM RMSE
produs vectorial intre 0.47 si
(multiply and 1.43;

[67] Li acumulate), Offline SoH N/A RVM RMSE
operatii intre
matriciale 5.96 -10-5 si
(fnmultiri, 0.5
transpusa),

Functii Metoda
exponentiale, Online combinata:

[70] Li produs vectorial | combinat RUL N/A MAE 0.02;
(multiply and cu offline online:
acumulate) MAE 0.03
Functii MSE 8-:10-4;
exponentiale, Online, 1LC: MSE

[71] Li-Ion produs vectorial | bazat pe SoH and R| N/A 0.1-10-4;
(multiply and date offline 3LC: MSE
acumulate) 0.02-10-4

Eroare
Functii absolutd de
exponentiale, predictie dupa
produs vectorial 100 de cicli: 4
(multiply and Online, cicli;

[68] Li-Ion acumulate), bazat pe RUL N/A Eroare
operatii date offline absolutd de
matriciale predictie dupa
(inmultiri, 200 de cicli: 2
transpusa) cicli;

Functii Specifica
exponentiale, Online, ca este Eroare

[72] Li-Polymer produs vectorial | bazat pe SoH moderat | aboslutd de
(multiply and date offline computati | predictie: 1%
acumulate) onal

Graphite 82;::sie 9.1% in
anode saptdamana 32
2 Lithium Functii RV and | L /A of 64;
[79] Nickel Cobalt | exponentiale ot? met 4.0% in
oxide (. azat pe saptamaéna 48
filtru
cathode ; of 64
particule)
Graphite 8_':;::96
Filtru anode Functii RVM) si 3.1% in
- Lithium exponentiale, . A
particule [80] Ni s N online RUL N/A saptamana k
ickel Cobalt | Inmultiri in
- ; M < (bazat pe 48 of 64
oxide virgula flotanta :
filtru
cathode )
particule)
Functii Model A: 0.4%
exponentiale la ciclul 550 of

[81] Li-Ton (modelul A), Online SoH and R| N/A 780;
inmultiri simple model B:
fnmultiri (model 11.5% la ciclul
B) 550 of 780
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50 3. Abordari curente privind metodele pentru

evaluarea starii de degradare a

bateriilor

Pentru celula
#01: 12.1% la

ciclul 566 din
849;
Functii Pentru celula
. exponentiale, . #02: 1.5% la
(82] Li-Ion Inmultiri in Online RUL N/A cilcul 428 din
virgula flotantd 643;
Pentru celula
#V4: 0.1% la
ciclul 422 din
633
Pentru celula
A4: 4.2% la
Functii ciclul 27 din
[83] Li-Ton exponentiale, |4 e RUL N/A 48;
impartiri/inmultiri pentru celula
virgula flotantd A2:1.6% la
ciclul 120 din
189
10 ms pe
. Functii procesor
Srr‘zzzlte exponentiale, Poate fi Intel Core | 2.1% la ciclul
s Inmultiri in i7 M60 18 din 48;
[84] Lithium ; < < adaptat SoH and R| .
Cobalt oxide virguld flotanta, online 2.67 GB | 1.1% la ciclul
cathode transpozitii si4 GB 250 din 610
vectoriale RAM
(Matlab)
Exponentiale Offline si 2.0% at la
[85] Li-Ion gxponentiale, ne s RUL N/A ciclul 18 din
Inmultiri in online
A M . 48.
virgula flotanta
Functii
[74] LiFePO4 trigonometrice, Offline si SoH N/A <2.0%
Inmultiri in online I
virgula flotanta
. Functii
Sr';zzzlte exponentiale,
s Inmultiri in Offline si
[85] Lithium ; M < . RUL N/A < 5%
. virgula flotanta, |online
Cobalt oxide o
cathode transp_ozr,cu
vectoriale
) ) intre 2.0% si
Primary Li
) ) 7.9% pentru
[62] S_econdary N/A Ofﬂ_lne si SoH N/A SoC;
NiCd and online N/A pentru
NiMH Sor P
Logica fuzzy Sr:zzzlte Functii 15.6 ms,
! N o o
[63] Lithium exponentiale, | qpjine SoH nuse - |intre 1.4% si
Cobalt oxide impartiri/inmultiri specifica |9.2%
virgula flotantd platforma
cathode
[64] Li-Ion Simple inmultiri /| e SoH N/A Max. 5%

impartiri
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3.2. Evaluarea comparativa a metodelor existente de estimare a SOH/RUL 51
Graphite
anode -
Lithium Zin;ﬂlentiale
[16] Cobalt innaultiri n ! Offline SoH and R| N/A medie 2.1%
Manganese X < <
Nickel oxide virguld flotantd
Spectroscopia cathode
impedantei Graphite
Egﬁﬁﬁn Functii Max 10%
[101] |Cobalt ?nxnﬂzj‘t?r?ﬁ':'e' Offline SoH and R| N/A 52:{;;” partea
Manganese irauld fl v - d )
Nickel oxide | Viroula otantd impedantei)
cathode
Regresii < 550 ps
liniare in Ecuatii liniare la 14MHz | Eroare de
sensul celor |[[5] NiMH sim ie Online SoH and R| pe o estimare:
mai mici P platforma | +/- 5 cicli
patrate ARM 7
Camp . (88] SLA E_cuatn liniare Online SoH N/A N/A
magnetic simple
Operatii
. vectoriale, Online, -
Ezgrr?t?éigree [89] Li-Ion ecuatii liniare, bazat pe SoH N/A Eqrgdair: zroe/latwa
? functii date offline °
logaritmice
Operatii
Entropie de \(;Sgtr(;?i?le’ Online,
aproximare [90] Lead Acid matriéiale, bazat pe SoH N/A N/A
Functii date offline
logaritmice
Eroare
absoluta:
> 21.2% in
primele 681
sec,
. 6.7% dupa
Operatii
vectoriale, . 1000 Sec,
Modele operatii Online, 3% dupa 2000
neobservabil |[91] Li-Ion mpatriéiale bazat pe SoH N/A sec,
e Functii ! date offline 0.6 % dupa
exponentiale 3000 sec, <
~ 0% dupa
4000 sec,
Doar putini
cicli au fost
luati in
considerare
. Functii liniare, Online, Eroare de
PDF [92] II::II‘:/IenPZOO44 Functii bazat pe SoH N/A estimare sub
diferentiale date offline 2%
Operatii .
o Offline,
Elantg'ﬁci'a'e' poate fi MAPE: < 0.5%
GPR/GPFR [93] Li-Ion diferentiale modificata SoH N/A RMSE: 1.5 +
Functii ' ' pentru 6
online

exponentiale
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52 3. Abordari curente privind metodele pentru evaluarea starii de degradare a

bateriilor
Expresii
Procese :eofpaor:é‘;lt?:lzl Online, MSE: v
: [94] Li-Ion o ! bazat pe RUL N/A < 1 dupa ciclul
Wiener operatii d }
. . ate offline 67
vectoriale si
matriciale
< 2 sec.
pentru
prima
predictie,
~ 2 sec
pentru
urmatoar | Eroare de
ele estimare a
Online, cu predictii ciclilor ramasi:
Metod3 AR cu . I date avand <30ddii
PSO [95] Li-Ion Operatii liniare minimale RUL 190 de pentur primii
de esantioan | 120 ciclii,
antrenare e de < 2 cycles
intrare, pentru ciclii
pe un 120 - 200
procesor
Intel Core
E5800,
3Ghz,
2GB RAM
Functii
exponentiale, Eroare de
[97] VRLA operatii Online SoH N/A estimare max.
matriciale si 2%
vectoriale
Functii
exponentiale, Online, Eroare de
Retele [51] Li-Ion operatii bazat pe SoH N/A estimare <
neuronale matriciale si date offline 0.5%
vectoriale
Functii Eroare medie
. . of 0.28% for a
exponentiale, Online, entru un nr
[98] Li-Ion operatii bazat pe SoH N/A ge 2000 ’
matriciale si date offline ti d
vectoriale ésantioane de
antrenare
opera',c_ii Eroare de
[99] Li-Ton yectortale, Online RUL N/A estimare sub
unctii 2%
Abordari exponentiale
Bayes operatii
) vzctor'iale . Ero_are deA
[100] Li-Ion Functii ! Online RUL N/A estimare intre

exponentiale

0.3% si 10%

3.3. Concluzii

Tabelul 2 sumarizeazd o comparatie a metodelor de estimare a starii de
degradare a bateriilor regasite in literatura tindnd cont de 5 criterii de evaluare:
chimia bateriei, complexitatea computationald, timpul de procesare, eroarea de

estimare si modelul de procesare al datelor.
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3.3. Concluzii 53

in general cam toate metodele chiar dac au fost definite pentru o chimie de
baterii, se pot adapta noilor sau diferitelor chimii de baterii o data ce acestea sunt
produse,

In ceea ce priveste complexitatea computationala metodele bazate pe filtru
de particule, filtru Kalman, vectori suport, Bayes, retele neuronale recurente
folosesc operatii matriciale si functii matematice complexe in opozitie cu metodele
simple OCV, regresii polinomiale, logica fuzzy. Desi eroarea de estimare a metodelor
complexe este mult mai mica, acestea raman de cele mai multe ori la stadiu de
concept, fiind aproape imposibil de implementat intr-un BMS real.

Metodele simple sunt cele care se regasesc des implementate in sisteme de
management reale, doar ca eroarea de estimare a acestora este destul de mare. O
categorie aparte o constituie retelele neuronale care prezintd o complexitate medie
spre mare in functie de modelul ales. Datorita progresului tehnologic din acest
domeniu si aparitia procesoarelor cu hardware dedicat operatiilor retelelor neuronale
problema imglementérii acestora in sisteme de management reale nu mai constituie
o problema. In acest context, metodele de estimare bazate pe retele neuronale pot
prezenta erori de estimare foarte bune daca se utilizeaza in mod corect seturile de
date pentru tipul de baterii pentru care se vrea a face estimarea. Producerea acestor
seturi de date raméane o problema datorita timpului si conditiilor de laborator
necesare pentru o acuratete cat mai buna.

Un alt aspect observat din analiza metodelor existente este ca in general
autorii s-au axat pe a prezenta erorile si modul de functionare a metodelor in
conditii de laborator (temperatura 25 de grade Celsius) si curent de descarcare
constant. Aceste conditii nu sunt apropiate de conditiile de utilizare obisnuita cand
curentul de descarcare este unul variabil, iar temperatura este de asemenea diferita
de cea de laborator.
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4. METODA DE EVALUARE A STARII DE
DEGRADARE A BATERIILOR BAZATE PE
REGRESIE POLINOMIALA

4.1. Descrierea metodei

Aceasta metodd a fost dezvoltata in laboratorul DSPLabs din cadrul
universitatii Politehnica din Timisoara. In parte, cercetarea a fost finantata de catre
Ministerul Educatiei si Cercetarii prin grantul PNCDI II ID-22/2007-2010, la care am
colaborat cu Gabriel N. Carstoiu.

In cadrul sistemului robotic dezvoltat a existat nevoia predictiei starii de
degradare a bateriilor, scop urmarit prin implementarea acestei metode.

Metoda este de tip online si se bazeaza pe regresia liniara de ordin 2, dupa
cum urmeaza: regresia polinomiala incearcd sa determine cu acuratete functia
capacitatii C data prin punctele Cx corespunzatoare fiecarui ciclu k de incarcare /
descarcare.

Regresia polinomiala are urmatoarea forma:

Ck=ak?+ bk +c,a<0 (46)

Dacd luam in considerare valorile capacitatilor a n cicli de incarcare /
descarcare, se pot obtine valorile parametrilor functiei prin rezolvarea sistemului de
ecuatii:

aZk2+bZk+cn:ZCk
a2k3+b2k2+c2k Zka .k=1,n,n>3 (47)
a2k4+b2k3+c2k2 Zkzck

Acest sistem se poate rezolva prin intermediul determinantilor:

Zkz Zk n
k k

A:Zk3 Zkz Zk (48)

k k k

PAMDIED WS

k k k
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4.1, Descrierea metodei 55

Y Yk oon
k k
Ag = Zka Zkz Zk (49)
k k k
ZkZCk Zk3 Zkz
k k

k

Y k? >k n
k k

Ap = Zk3 Zka Zk (50)

k k k

D k? ZkZCk Zkz

k k k

k2 Dk Dk
k k k
AC:Zk3 Zkz D kCk (51)
k k k
DS S slon
k k k

Dupa calcularea valorilor determinantilor se pot obtine usor valorile
parametrilor ce determina functia polinomiala aplicand relatiile:

a=—2,b=—"=,c=—"F. (52)

Pentru calcularea mai simpla a determinantilor se pot folosi formulele
recurente care asigura simplificarea computationald, respectiv fac posibila
implementarea pe o platforma de sistem fincorporat cu putere de procesare si
memorie redusa:

Skr1 =Sk +(k+1), S p =52 +(k+1)%, etc. (53)
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56 4, Metoda de evaluare a starii de degradare a bateriilor bazate pe regresie
polinomiala

Cu ajutorul functiei polinomiale obtinute putem calcula primul ciclu m, de
incarcare / descarcare pentru care capacitatea bateriei este sub un anumit nivel,
F-Chominai peNtru care SoH este considerat 0%.

Calculul valorii m se reduce la rezolvarea inecuatiei:

F-Chominal > ak? + bk + ¢ (54)
Cum a < 0, m devine:
2
m - -b-Vb“ —4ac ) (55)
2a

in care |.x] este partea intreagd a lui x.

Metoda regresiei polinomiale prezinta o acuratete mare in cazul in care
valorile capacitatii bateriei urmeaza un trend liniar. In cazul in care apar
nelinearitati, acuratetea incepe sa fie afectata in sens negativ.

4.2. Implementarea metodei

Pentru evaluarea metodei am recurs la implementarea acesteia pe
hardware-ul aferent placii de management al consumului, care face parte din
arhitectura unui WIT (wireless intelligent terminal), specificat in proiectul CORE-
TX(Collaborative Robotic Environment — The Timisoara Experiment) [102].

Aceasta placa de management al consumului are rol de a asigura energia
electrica intregului sistem precum si monitorizarea starii de degradare a bateriei in
vederea cresterii duratei de utilizare al acesteia. Versiunea prototip functional al
placii de management al consumului este reprezentata in figura de mai jos.
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4.2. Implementarea metodei 57

Fig. 25 Placa de management al consumului in cadrului unui WIT

Managementul bateriei se face prin intermediul masurarii cu acuratete
ridicata a tensiunii, curentului si a temperaturii bateriei. Curentul este masurat prin
intermediul unei scheme de tip high side fig. 26, iar temperatura este mdsurata cu
un senzor de tip TMP101[103]. In acest tip de schema, Rs este rezistenta
consumatorului (in cazul nostru celelalte placi din sistem), I, curentul prin circuit,
Rshunt, rezistenta suntului. Folosind componente de inalta precizie, implementarea
asigura o rezistenta buna la zgomot. Metoda folosita pentru calculul capacitatii este
coulomb counting.

Rshunt Lcire
o | — .
L T
1Q
R
1 v, > AD8551
V.
Si9433 /Bﬂ
S Ry
Vbatt IDsl P €L
D
ADC
Channel
Ry

O
Fig. 76 Schema de tip high-side pentru masurarea curentului
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4, Metoda de evaluare a starii de degradare a bateriilor bazate pe regresie
polinomiala

Din punct de vedere al subsistemului software, a fost aleasa o arhitectura

pe nivele, in care distingem trei nivele (fig. 27):

e Managerul starii de degradare al bateriilor (nivel aplicatie): asigura
masurarea, stocarea si procesarea parametrilor bateriei precum si tratarea
comenzilor de management al consumului.

o Nivelul de management al taskurilor sistem: se ocupa de planificarea si
executia task-urilor hard real time, corespunzator modelului HARETICK (Hard
REal-TIme Compact Kernel) [104].

e Nivelul de abstractizare hardware: contine driverele si interfetele
microcontroler-ului precum si a celorlalte periferice de pe placa.

s N
—~
% . Battery State Manager %
g | |€F >
> & 5 Temp. [Current [Coulomb | Battery | Comm. 7
— a2 s | | Monitor | Monitor | Counter | Monitor | Manager Ay
5 o= J <
& < R
g . Flash RTC ADC
= . Driver Driver Driver
v €% =
4 =2 > E
—
1 |E2]|| McU | Timer | I2C SPI | UART
&= Control | Driver | Driver | Driver | Driver
~ -
Hardware

Fig. 27 Arhitectura software al placii de management al consumului

Software-ul care ruleaza predictia propriu-zisa poate fi reprezentat prin

intermediul urmatorului pseudocod:

Codul 1. Secventa de cod pentru predictie

OoOoONOOTUP,WNE

while not (battery cycle completed) do
wait
end while
increment n
if n > nmin do
Calculate Sumi, Sumy, ..., Sums; with (8)
Calculate A1, A2, A3
Calculate A
Calculate A4, As, Aa
Calculate A, Ap
Calculate A7, Ac
// Scaling of A, Aa, Ap, Ac
A =A/128
a = (A a left shifted 20 bits)/A
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4.2. Implementarea metodei 59

15: b = (Ab/A) left shifted 20 bits

16: c = (A /A) left shifted 20 bits

17: Solve (9) and calculate m according to (10)
18: NrRuL =M -n

19: end if

La fiecare pas (ciclu de descarcare al bateriei), se trece la calculul
determinantilor urmat de calculul parametrilor functiei de reprezentare a capacitatii
bateriei. Ultimul pas este calcularea numarului de cicli de incarcare / descarcare a
bateriei pdna cand aceasta este considerata neutilizabila.

Algoritmul ales este unul foarte simplu, ales pentru a asigura posibilitatea
implementarii acestuia in sisteme incorporate cu resurse computationale si de
memorie limitate. Chiar si asa, implementarea pe platforma de 32 biti ARM7 nu a
fost lipsita de probleme:

o calculele intermediare depasesc 32 de biti - in acest caz multe din
variabile au necesitat o reprezentare pe 64 de biti

o arhitectura microcontrolerului nu ofera suport nativ (hardware) pentru
operatii in virgula flotantd - in acest caz am recurs la scalarea si trunchierea
variabilelor la numere intregi mari.

o Calculul functiei radical, al valorii de 64 de biti a trebuit optimizata
deoarece implementarea standard C oferda o implementare ineficientd din
punct de vedere computational.
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5. METODA DE EVALUARE A STARII DE
DEGRADARE A BATERIILOR FOLOSIND RETELE
NEURONALE RECURENTE DE TIP GRU

5.1. Descrierea metodei

Voi descrie metoda de estimare a starii de degradare a bateriilor pornind de
la Fig. 288 ce prezinta structura unui sistem de management al bateriilor tipic ce
foloseste o metoda de estimare a starii de degradare in timp real (online).

Vt
/ C
t 3 Calculare t Preparare
T, SoC > Date
—_—
\ 4
Ct.k Ct- k-1 een Ct- 1 Ct
NivelGRU [ GRU J>{ GRU | -+---
Nivel GRU GRU GRU | ===---
Nivel agregare E{
C
SGOH Calculare P pt

SoH

Fig. 288 Schema de principiu a metodei de estimare a starii de degradare a
bateriilor bazata pe retele neuronale de tip GRU

Acest sistem este compus din mai multe subcomponente:
) Blocul ce asigurda determinarea SoC - acest bloc asigura calcularea in
timp real a parametrului de iesire (in cazul nostru capacitatea bateriei la
momentul t), C: in functie de parametrii de intrare, care in exemplul de fata
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5.1. Descrierea metodei 61

sunt tensiunea la borne, curentul de descarcare si temperatura bateriei,
reprezentate prin V; I; T: Acest bloc poate fi implementat prin utilizarea
oricarei metode cunoscute de determinare a SoC al bateriei de la cele mai
simple cum ar fi integrarea in timp a produsului curent de descarcare si
tensiune la borne(cunoscuta in literatura ca ,,Coulomb Counting”) pana la cele
mai complexe. Pentru lucrarea de fata am folosit baze da date ce contin deja
acest parametru calculat in conditii de laborator si nu am implementat un
astfel de bloc computational, obiectivul lucrarii fiind elaborarea unei metode
de estimare a starii de degradare a bateriei.

o Blocul ,,Preparare date” - asigura pregatirea datelor si ajustarea acestora
pentru prezentarea acestora la intrarea retelei neuronale recurente. Acest
stagiu de pregatire a datelor presupune urmatoarele operatii:

o Crearea secventei de intrare in reteaua neuronald. Acest
lucru se realizeaza prin obtinerea in fiecare instanta de
timp (dupa fiecare ciclu de descarcare) a unui vector C; ce
contine valorile Ce«, Ctk-1,..., Ce-1, Ct, @ capacitatilor pe
ultimele k cicluri. De mentionat este faptul ca in primele k
cicluri, acest bloc nu produce nici o iesire - cu alte cuvinte
nu se realizeaza nici o estimare a starii de degradare a
bateriilor.

o Limitarea intrarilor in valorile minime si maxime cu care a
fost antrenata reteaua. Acest lucru asigura evitarea
functionarii incorecte a retelei neuronale prin introducerea
unor valori in afara intervalului cu care aceasta opereaza
normal.

o Normalizarea datelor de intrare in intervalul [-1, 1], acest
lucru fiind necesar pentru functia de activare din nivelul
ascuns.

. Reteaua neuronala propriu-zisa. Structura retelei va fi discutatda in
paragraful urmator. Iesirea retelei neuronale este capacitatea estimata in
forma normalizata.

o Blocul de calculare SoH se ocupa de transformarea capacitatii estimate a
bateriei si calcularea procentuald a starii de degradare a bateriei conform
relatiei:

100%, Sbat . ;
nom
1- Cbat

ol _ _ Cnom . I5)
SOH [%]=1| 1 —SoHy 100 [%] (56)

0%, Cbat . SOHj
nom

Implementarea metodei de estimare a starii de degradare a bateriei se
poate sumariza prin intermediul urmatorului pseudocod:
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62 5. Metodd de evaluare a starii de degradare a bateriilor folosind retele neuronale
recurente de tip GRU

Codul 2. Metoda de estimare a starii de degradare a bateriei

1: while not (batterv cvcle completed)do
2: wait

3: end while

4: determine SoC

5: Prepare data € Coper v Gr C)

6: Calculatecgi

7: Calculate SOH;

8:if Coof/ Crom > 1

9: SOH [%] = 100%
10: else if C,./C,., < SOH;
11: SOHM.[%] = 0%
11:else
o, e
12: SOH%]=1|1 _ﬁ:’m =100 [%)]
13:end if

5.2. Structura retelei neuronale

Reteaua neuronala recurenta are structura prezentata in fig. 29 Este
formata din doua nivele ascunse formate din celule GRU si un nivel de agregare
(denumit "dense"). De notat este faptul ca pentru simplitate am ales modul de
reprezentare al retelei recurente cel desfasurat (unrolled).

Pentru reprezentarea acestei retele am folosit mediul Keras 2.4.0 impreuna
cu Tensorflow 2.1:

Codul 3. Reprezentarea retelei neuronale propuse

model = Sequential()

model.add(GRU(nCells, activation="tanh’, recurrent_activation="'sigmoid’, input_shape=(
nSteps, nFeatures), implementation=1, use_bias=True, reset_after=True,
return_sequences=True))

model.add(GRU(nCells, activation="tanh', recurrent_activation="'sigmoid', input_shape=(
nSteps, nFeatures), implementation=1, use_bias=True, reset_after=True))

model.add(Dense(1))
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Nivel GRU GRU GRU GRU
Nivel GRU Gtu Gtu Gtu
—_—— \ e
Nivel agregare Dense
v

Fig. 99 Structura retelei neuronale cu celule de tip GRU

5.3. Antrenarea retelei neuronale

Pentru invatare am folosit un algoritm cu gradient descrescator in varianta
de optimizare Adam (adaptive moment estimation). Acest algoritm combind
avantajele introduse de algoritmul Adagrad si RMSProp in sensul ca mentine rata de
invatare per parametru, lucru important din punct de vedere al performantei cand
grandientii sunt matrici rare. Ratele de invatare per parametru sunt actualizate
tinand cont de media celor mai recente valori ale gradientilor.

Algoritmul salveaza media mobila exponentiala a patratului gradientilor
anteriori v:, asemena Adadelta si RMSProp, precum si media mobild eponentiala a
gradientilor anteriori m;, asemenea algoritmului momentum.

Cele doua medii mobile exponentiale se pot calcula folosind urmatoarele
relatii:

{mt = Bime_1 +(1- B1)at (57)
2

Ve = Bave_g +(1-B2)gt

La initializare si in cadrul primilor pasi se poate observa ca valorile m: si v: inclina

spre valoarea 0, in special in momentul in care valorile lui B1 si B2 sunt apropiate de

1. Pentru a evita aceasta situatie se iau in considerare valorile corectate a celui de-

al doilea momentum:

P m
mg = P ;l’
e (58)
A V¢
Vi = ¢
1—32

Folosind cele doud ecuatii putem obtine ecuatia regulii de actualizare a parametrilor:
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64 5. Metod3 de evaluare a starii de degradare a bateriilor folosind retele neuronale
recurente de tip GRU

Ot 1 = 6 ———— iy (59)

\“;t +E&

in care 6 este matricea de parametrii a modelului care sunt actualizati in fiecare ciclu
t, n este rata de invatare, si ¢ este o constanta foarte mica pentru a evita impartirea
cu 0. Din punct de vedere al performantei, algoritmul Adam este destul de rapid,
avand un consum de memorie relative scazut

5.4. Varianta modificata cu filtru treapta

Am modificat metoda de estimare a starii de degradare a bateriilor prin
introducerea unui filtru de tip treapta. Acest filtru functioneaza dupa cum urmeaza:

Xn,Xpn < Xp_1
f(xp) = (60)
Xn-1,Xn 2 Xp—1
Batttery B0O005
18 T
175 a
17 a
g
= 1651 3
2
@
S 160 :
]
[¥]
155 T
15 T
145 | | | | |
50 60 70 80 90 100 110
Cycle number

Fig. 30. Efectul de regenerare intélnit la unele tipuri de baterii

Datorita utilizarii acestui filtru se pot creste performantele estimarii,
reducandu-se astfel erorile de estimare. O analiza detaliata este prezentata in
sectiunea de evaluare a performantei.

In figura 31 este prezentata datele aferente capacitatii bateriei BO1 obtinuta
prin efectuarea ciclurilor de incarcare/descarcare folosind aparatul CADEX 7400ER.
Se observa ca acest tip de baterie nu prezinta efect de regenerare.
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5.4. Varianta modificata cu filtru treapta 65

BO1
3000

]
8

Capacitate baterie [mAh]
3
8

5
3

3
8

2550 L 1 1 1 L
0 50 100 150 200 250 300 350 400 450
Numar ciclu

Fig. 31. Capacitatea bateriei BO1(Panasonic NCR18650A)

Metoda de estimare modificata este prezentata in figura de mai jos:

Vt

/ C c’

S Calculare t Filtru t Preparare

T, SoC Treapta ] Date

!
Ct-k Ct-k-l Ct.1 Ct
Nivel GRU | GRU > GRU | ==-=--
Nivel GRU | GRU [=>»| GRU | ===+
Nivel agregare E’(
C
SoH pt
¢ Calculare
SoH <

Fig. 32. Metoda de estimare modificata prin introducerea filtrului treapta
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6. SISTEM CADRU DE ANALIZA A
PERFORMANTELOR METODELOR DE ESTIMARE A
STARII DE DEGRADARE A BATERIILOR BAZATE
PE RETELE NEURONALE

6.1. Obiective

Datorita multitudinii metodelor de estimare a starii de degradare a bateriilor,
sarcina de a compara aceste metode este destul de grea, mai ales prin prisma
implementarii acestora in sisteme de management al bateriilor. Multe din metode
sunt prezentate de catre autori la nivel de concept acompaniat de o simulare pe
calculator. In lipsa unui cadru de evaluare al acestor metode pe implementari in
sisteme reale este foarte greu sa se discearnd care din metode este fezabild a fi
implementata (chiar si intr-un sistem comercial).

Prin teza de fatd propun un sistem de evaluare a metodelor de estimare a
starii de degradare a bateriilor care poate fi folosit atat pentru a compara metodele
la nivel de simulare pe calculator cat si compararea acestora la nivel de
implementare pe diferite platforme de sisteme incorporate cunoscute.

6.2. Structura sistemului

Structura sistemului de analiza a performantelor este una pe nivele si este
cuprinsa in figura de mai jos:

® Nivelul 1 - este nivelul de reprezentare a modelului. Pentru simplitate am
ales Keras ca mediu de modelare cu ajutorul limbajului de
programare Python. Cu ajutorul particularitatilor pe care le pune la
dispozitie mediul Keras, se pot defini o multime de metode de
estimare. Acest nivel se adreseaza simuldrii metodei pe calculator.
Este la latitudinea fiecaruia sa configureze metricile de evaluare a
performantelor a metodei. In urma modelarii pe calculator a
metodei rezulta un set de parametri ce vor fi utilizati pentru
implementarea in sisteme incorporate.

e Nivelul 2 - este nivelul de reprezentare computational pe platforme de
sisteme incorporate. Se pot alege pentru comparare mai multe
biblioteci de procesare cum ar fi: PnP (Paper and Pencil),
Tensorflow (pentru anumite sisteme), biblioteci matematice de
algebra liniara precum OpenBlas, Blasfeo. Acest nivel este
implementat in C/C++ pentru a usura portarea pe diferite
arhitecturi hardware si bineinteles pentru a deschide calea spre
optimizari computationale acolo unde este cazul.

e Nivelul 3 - este nivelul de platformei HW pe care se doreste implementarea.
Setul de platforme hardware este destul de cuprinzator si contine
arhitecturi Arm de la cele mai simple (M3) péana la cele mai
complexe(A53).
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6.3. Criterii de evaluare si metrici de performanta 67

e Nivelul 4 - este nivelul de colectare a metricilor de evaluare a performantei
metodei de evaluare a starii de degradare a bateriilor fin
implementare reald(pe sistem incorporat). Am definit 4 metrici de
evaluare a performantei: timpul de procesare, memoria utilizata,
consumul de energie precum si eroarea de estimare.

Parametrii
modelului
CMSIS
PnP NN Tensorflow OpenBlas Blasfeo
ARM ARM ARM ARM
cortex M3 cortex M4 cortex A7 cortex A53
Timp Memorie Consum Eroare
procesare utilizata energie estimare

Fig. 33. Structura sistemului cadrul de evaluare a performantelor metodelor de
estimare a starii de degradare a bateriilor

6.3. Criterii de evaluare si metrici de performanta

Criteriile de evaluare si metricile de performanta fac parte din nivelul 4 al
sistemului cadru descris in acest capitol:

e Timpul de procesare - este timpul definit in ms pentru calcularea estimarii
starii de degradare a bateriilor la fiecare ciclu de descarcare. Acest timp
depinde de frecventa procesorului si numarul de nuclee pe care ruleaza
algoritmul. Am considerat calcularea timpul de procesare prin urmatoarea
formuld: Timpul de procesare = Tf - Ti [ms], unde Tf - este instanta de timp
la finalul executiei estimarii, Ti — este instanta de timp inainte de executia
estimarii.
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68 6. Sistem cadru de analizd a performantelor metodelor de estimare a starii de
degradare a bateriilor bazate pe retele neuronale

e Memoria utilizata - in functie de platforma aleasa avem mai multe tipuri de
memorie: flash (pentru constante), SRAM si DRAM pentru algoritm propriu
zis. Memoria utilizata este raportata in KBytes. Memoria utilizatda am calculat-
o cu ajutorului hartii de memorie rezultata in urma compildrii pentru
implementarile in limbajul C/C++, iar pentru cele bazate pe limbajul Python
am folosit utilitare de calcul al maximului de memorie alocatd dinamic
utilizata.

e Consumul de energie - este consumul de energie utilizat pentru estimarea
starii de degradare la finalul fiecarui ciclu de descarcare a bateriei. Este
raportat in mAh.

e Eroarea de estimare este eroare relativa procentuala rezultatd in urma
aplicarii setului de date de test. Aceasta se poate compara cu eroarea
obtinuta Tn urma rularii simularii pe calculator pentru a observa daca exista
vreo diferenta datoritd implementarii pe sistem incorporat. Aceasta eroare se
poate calcula folosind relatia:

E = (Vest - Vreal) / 100 [%], unde Vest - reprezintd valoarea estimata prin
aplicarea metodei, Vreal - reprezinta valoarea realda a capacitatii bateriei la
ciclul de descarcare dat.

6.4. Exemplu de evaluare a performantei folosind
implementarea PnP

Evaluarea performantelor metodei folosind implementarea PnP presupune
translatarea parametrilor GRU obtinuti prin antrearea modelului in structura
compatibilda PnP. Aceasta presupune conversia din formatul .hd5 (obtinut prin
anternare in Keras) intr-un format simplu C ce se poate observa in codul urmator:

Codul 4. Definirea parametrilor modelului pentru implementarea PnP

static const float wz[] = {
-0.6168708, ..., -0.7502499,
3
static const float wr[] = {
-0.45586815, ..., -0.17601903,
3
static const float wh[] = {
0.78859043, ..., -0.64399165,
3
static const float bwz[] = {
-0.17063044, ..., 0.1079701,

static const float bwr[] = {
0.25578716, ..., 0.19392361,
3
static const float bwh[] = {
-0.14760374, ..., 0.08432186,
b
static const float uz[] = {
0.33544156, ..., -0.1061423,
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+

static const float ur[] = {

0.3580518, ...

}i
static const float uh[] = {
-0.21631242,
+s
static const float buz[] = {
-0.17063044,
+

static const float bur[] = {

0.25578716, .

3
static const float buh[] = {

-0.12483689, ...

¥

static const float wz2[] = {

0.70549613, .

¥

static const float wr2[] = {

0.02348625, .

}

static const float wh2[] = {

-0.5259535, .

}s

static const float bwz2[] = {

-0.17133844, ...

¥

static const float bwr2[] = {

-0.14853013, ...

¥
static const float bwh2[] = {

b

static const float uz2[] = {

-0.30984527, ...

static const float ur2[] = {
3
static const float uh2[] = {
-0.21545862,
3
static const float buz2[] = {
-0.17133844,
+i

static const float bur2[] = {

-0.14853013, ...

¥i
static const float buh2[] = {

0.08364447, ...

¥

0.07097511, ..

-0.2557064, ...

, -0.09428676,

..., 0.07331745,

..., 0.1079701,

.., 0.19392361,

, 0.08706983,

.., -0.08304864,

.., 0.3856362,

.., 0.52621037,

, 0.10030975,

, 0.07579752,

., 0.07575441,

, 0.03696784,

, 0.22604541,

..., -0.16208637,

..., 0.10030975,

, 0.07579752,

, 0.06608906,
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static const float dense[] = {
0.7647076, ..., 0.8833759,

static const float bias[] = {0.08102331};
Inainte de formatarea datelor de intrare, se stabilesc parametrii retelei
neuronale, utilizand parametrii de configurare din codul 5. Datele de intrare si de

test trebuie definite conform codului 6.

Codul 5. Definirea arhitecturii retelei neuronale

// this is the size of input sequence
#define INPUT_SIZE (5)

// this is the size for hidden layer
#define HIDDEN_SIZE (50)
#define NO_UNROLL INPUT_SIZE

Codul 6.Definirea intrarilor

static const float inputData[J[INPUT_SIZE] = {
{0.57, 0.546, 0.519, 0.519, 0.519, },
{0.495, 0.274, 0.091, -0.269, -0.512, },
1

0.518378626,
-0.862251519,

static float testData[] = {

¥

Evaluarea propriu-zisa a implementarii se face folosind apelul functiilor

specifice PnP:

Codul 7.Rularea propriu-zisa a metodei

Modellnit();
ModelEvaluate();
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7. EVALUAREA PERFORMANTELOR

7.1. Criterii de evaluare

. In vederea evaluérii performantelor am utilizat criteriile descrise la sectiunea
6. In plus, pentru validarea retelei neuronale recurente am analizat repetabilitatea,
validarea incrucisata si arhitectura retelei.

7.2. Configurarea metodei

Configurarea metodei este sumarizata in tabelul de mai jos.

Tabel 3. Configurarea metodei de estimare bazatd pe retele neuronale de tip GRU

Parametru Valoare
Nr. neuroni in nivelul 1 50

Nr. neuroni in nivelul 2 50

Nr. epoci antrenare 500

Nr. valori in fereastra de timp 5
Procent date antrenare + validare 80%
Procent date test 20%

In urma acestei configurari au rezultat urmatoarele caracteristici al retelei:

Tabel 4. Caracteristici de antrenare a retelei

Nr. total de parametri ai modelului 23001
Eroare medie absoluta la antrenare 0.0264

7.3. Rezultatele evaluarii metodei pe setul de date NASA
PCOE

in aceastd sectiune voi prezenta rezultatele experimentale obtinute in urma
rularii metodei de estimare a starii de degradare a bateriilor pe intreg setul de date
NASA PCOE. Specificatiile complete al acestui set de date sunt prezentate in Anexa
1.

Pentru evaluarea metodei propuse de estimare a starii de degradare a
bateriilor folosind retele neuronale recurente de tip GRU, a fost conceput un numar
de 8 scenarii de test reprezentative pentru setul de date de baterii aminit mai sus.
Alegerea scenariilor a fost facuta tindnd cont de caracteristicile acestui set de date:
curentul de descarcare, temperature de operare, tipul de chimie care prezinta
fenomenul de regenerare. De asemenea au fost luate in considerare si scenariile
folosite de alti autori (cele effectuate la curent constant la temperature ambientald)
pentru comparatie. Cele 8 scenarii de test sunt:

e 25-DEG-CC - setul de date ce contine date ale bateriilor ciclate in conditii de
25 de grade Celsius, curent de descarcare constant.

e ALL-DEG-CC - setul de date ce contine date ale bateriilor ciclate in toate
conditiile de temperatura puse la dispozitie, curent de descarcare constant
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72 7. Evaluarea performantelor

e 25-DEG-CC-RW - setul de date ce contine date ale bateriilor ciclate in
conditii de 25 de grade Celsius, curent de descarcare constant si variabil.

e ALL-DEG-CC-RW - setul de date ce contine date ale bateriilor ciclate in toate
conditiile de temperatura puse la dispozitie, curent de descarcare constant si
variabil.

e 25-DEG-CC-SF - setul de date ce contine date ale bateriilor ciclate in conditii
de 25 de grade Celsius, curent de descarcare constant.

e ALL-DEG-CC-SF - setul de date ce contine date ale bateriilor ciclate in toate
conditiile de temperatura puse la dispozitie, curent de descarcare constant

e 25-DEG-CC-RW-SF - setul de date ce contine date ale bateriilor ciclate in
conditii de 25 de grade Celsius, curent de descarcare constant si variabil.

e ALL-DEG-CC-RW-SF - setul de date ce contine date ale bateriilor ciclate in
toate conditiile de temperatura puse la dispozitie, curent de descarcare
constant si variabil.

in figura de mai jos sunt prezentate intervalele de eroare rezultate in urma
evaluarii metodei propuse pentru cele 8 scenarii mai reprezentative

10 Intervalele de erori pentru diferite seturi de date

. 25-DEG-CC
5 B ALL-DEG-CC
25-DEG-CC-RW
I W ALL-DEG-GC-RW
[ 25-DEG-CC-SF
51
6 7 8

o

ALL-DEG-CC-SF

. 25 DEG-CC-RW-SF

Eroarea relativa procentuala [%]

N ALL-DEG-CC-RW-SF

10 L L I I I

Scenariu

Fig. 10 Eroare relativa procentuala pentru cele 8 scenarii de evaluare semnificative

Datele au fost obtinute prin rularea algoritmului in mediul de simulare Keras
in versiunea 2.3 si tensorflow 2.1, folosind limbajul de programare Python, pe un PC
cu procesor Intel core i7- 6700HQ, 2.6GHz, 8G RAM.

7.3.1. Evaluarea performantelor pentru scenariul 25-DEG-CC

Pentru acest scenariu de test eroarea procentuala relativa de estimare se
regaseste in intervalul [-5.7%, 1.35%]. Eroarea se incadreaza in limitele uzuale
intalnite pentru metode bazate pe retele neuronale care se afld in intervalul [-5%,
5%]. Acest lucru se datoreaza faptului ca la temperatura ambianta de 25 grade,
curbele de descarcare sunt destul de similare si nu prezinta neliniaritati ce nu pot fi
prezise cu o eroare inacceptabila.
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7.3. Rezultatele evaluarii metodei pe setul de date NASA PCOE 73

Distributia erorilor pentru setul de date: 25-DEG-CC

50 i

Eroarea relativa procentuala[%)

6
Fig. 11 Distributia erorii de estimare in cadrul scenariului 25-DEG-CC

7.3.2. Evaluarea performantelor pentru scenariul ALL-DEG-CC

in acest scenariu am agéugat curbe de descdrcare la curent constant la
toate temperaturile disponibile. In acest caz se observa ca eroarea de estimare se
situeaza in intervalul [-5.32%, 5.13%]. Se observa o crestere a erorii de estimare
datorita neomogenitatii curbelor de descarcare pentru diferitele temperaturi luate in
considerare.

Distributia erorilor pentru setul de date: ALL-DEG-CC

O = N W e o0 o
T
|

qF U
2k i
3k 7

Eroarea relativa procentuala[%]

5+ i
-6

Fig. 12 Distributia erorii de estimare in cadrul scenariului ALL-DEG-CC

7.3.3. Evaluarea performantelor pentru scenariul 25-DEG-CC-RW

Acest scenariu ia in considerare datele corespunzatoare descarcarii cu curent
constant la temperatura ambianta de 25 de grade precum si datele corespunzatoare
descarcarii bateriilor cu curent variabil. Eroare de estimare se situeaza in intervalul
[-6.78%, 6.55%]. Se observa o crestere a erorii fatd de setul de date obtinut prin
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74 7. Evaluarea performantelor

descarcarea la curent constant datoritd neliniaritatilor introduse de procesul de
descarcare la curent variabil.

Distributia erorilor pentru setul de date: 25-DEG-CC-RW

Eroarea relativa procentuala[%]

Fig. 13 Distributia erorii de estimare in cadrul scenariului 25-DEG-CC-RW

7.3.4. Evaluarea performantelor pentru scenariul ALL-DEG-CC-RW

Setul de date contine date aferente curbelor de descércgre la curent
constant si curent variabil la toate temperaturile disponibile. In acest caz
degradarea performantelor de estimare se datoreaza atat introducerii neliniaritatilor
produse de procesul de descarcare al bateriilor prin curent variabil cat si
neomogenitdtile introduse de utilizarea datelor pentru temperaturi diferite. Eroarea
de estimare se afla in intervalul [-7.24%, 6.31%].

Distributia erorilor pentru setul de date: ALL-DEG-CC-RW

Eroarea relativa procentuala%]

Fig. 14 Distributia erorii de estimare in cadrul scenariului ALL-DEG-CC-RW
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7.3. Rezultatele evaluarii metodei pe setul de date NASA PCOE 75

7.3.5. Evaluarea performantelor pentru scenariul 25-DEG-CC-SF

O Tmbunatatire considerabila a erorilor de estimare se observa prin folosirea
unui filtru de tip treapta descris in sectinea 5. Acest tip de filtru elimina
neliniaritatile introduse de fenomenul de regenerare a capacitatii care se regaseste
la unele tipuri de baterii, ca cel folosit in cazul de fata. Prin intermediul introducerii
filtrului se obtine un set de curbe de al capacitatii strict descrescatoare. Eroare de
estimare se regdseste in acest caz in intervalul [-0.78%, 1.22%]. De asemenea
datoritd modului de operare al fitrului se observa multiple puncte cu aceeasi eroare
de estimare.

Distributia erorilor pentru setul de date: 25-DEG-CC-SF

1.5 y

057 B

Eroarea relativa procentuala[%]

-1
Fig. 15 Distributia erorii de estimare in cadrul scenariului 25-DEG-CC-SF

7.3.6. Evaluarea performantelor pentru scenariul ALL-DEG-CC-SF
Introducerea filtrului de tip treaptd reduce cu eroare de estimare cu mai

mult de 3% fata de cazul in care datele nu sunt filtrate. Se obtine un interval de
eroare situat intre limitele de -0.91% si 2.50%.

Distributia erorilor pentru setul de date: ALL-DEG-CC-SF

Wbt e WA

Fig. 16. Distributia erorii de estimare in cadrul scenariului ALL-DEG-CC-SF

Eroarea relativa procentuala[%]
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76 7. Evaluarea performantelor

7.3.7. Evaluarea performantelor pentru scenariul 25-DEG-CC-RW-SF

Introducerea filtrului de tip treaptda ajutad intr-o masura mai mica in acest
scenariu, neliniaritatile introduse de descarcarea cu curent variabil si
neomogenitdtile datorate diferitelor temperaturi pastrandu-se si in datele filtrate. in
acest caz eroare de estimare se afla in intervalul -1.41% si 6.24%.

Distributia erorilor pentru setul de date: 25-DEG-CC-RW-SF

S = NWw R OO N

Eroarea relativa procentualal[%]
W N =

A

!
4]

Fig. 17 Distributia erorii de estimare in cadrul scenariului 25-DEG-CC-RW-SF

7.3.8. Evaluarea performantelor pentru scenariul ALL-DEG-CC-RW-SF

Prin introducerea filtrului de tip treapta in acest caz se obtine un interval
pentru eroarea de estimare care se apropie de intervalul de referinta de -5%, 5%
considerat uzual pentru acest tip de metoda de estimare.

Distributia erorilor pentru setul de date: ALL-DEG-CC-RW-SF

o = N W kg g~
T
|

Eroarea relativa procentuala[ %]

Fig. 18 Distributia erorii de estimare in cadrul scenariului ALL-DEG-CC-RW-SF
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7.3. Rezultatele evaluarii metodei pe setul de date NASA PCOE 77

7.3.9. Analiza repetabilitatii pentru scenariul ALL-DEG-CC-RW-SF

Repetabilitatea este una din metricile importante folosite pentru a ma
asigura cd metoda implementata este una stabild si nu suferd variatii importante de
la o rulare la alta. In acest context am executat un numar de 10 repetitii
consecutive, reprezentand rezultatele in tabelul de mai jos. Pentru valorea maxima
superioara a erorii am obtinut +6.79%, respectiv pentru valoarea maxima inferioara
de -3.21%. Deviatia maxima este de aproximativ 1% fata de rezultatul de referintg,
fiind o valoare acceptabila.

Intervalele de erori pentru repetitii succesive

T T T T T T T
20 | | ‘ | ‘
| I I I | | |

5 6 7 8 9

0 1 2 3 4

xS B (2]
T T T

Eroarea relativa procentuala [%]
o
T

10 1" 12

Repetitie
Fig. 19 Analiza repetabilitatii pentru scenariul ALL-DEG-CC-RW-SF
7.3.10. Analiza overfit/underfit pentru scenariul ALL-DEG-CC-RW-SF

Prin overfit se intelege caracteristica modelului de a obtine o buna
generalizare strict pentru datele de invdtare, iar pentru cele de test performante de
estimare slabe. In sensul opus, discutam de underfit, care este caracteristica
modelului de a obtine o slaba generalizare pentru datele de invatare precum si
pentru cele de test.

In figura de mai jos se observa cum eroarea medie patrata in cazul pasului
de invatare urmareste trendul erorii medii patrare obtinute in cazul datelor de test.
Acest lucru scoate in evidenta o buna generalizare obtinuta prin rularea modelului.
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78 7. Evaluarea performantelor

Model train MSE vs validation MSE
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Fig. 20 Analiza overfitt/underfitt pentru scenariul ALL-DEG-CC-RW-SF

7.3.11. Analiza structurii retelei neuronale folosind scenariul ALL-DEG-CC-
RW-SF

Pentru determinarea numarului optim de nivele ascunse respectiv numarul
de celule pe nivel am derulat o serie de configuratii ce contin combinatii ale acestor
parametrii, urmarind intervalul de eroare relativa procentuala. Tabelul de mai jos
sumarizeaza rezultatele obtinute.

Din punct de vedere al structurii retelei neuronale se poate concluziona ca
alegerea configuratiei cu un numar de 2 nivele ascunse si 50 de celule per nivel
ofera rezultate bune, introducerea inca unui nivel ascuns neaducénd o imbunatatire
semnificativd. De asemena aceasta configuratie confera posibilitatea implementarii
pe sisteme incorporate cu memorie RAM si FLASH redusa. Introducerea unui nivel
ascuns aditional ar face ca stocarea parametrilor in memoria FLASH de 1MB sa nu
mai fie posibila.

Tabel 5 Analiza structurii retelei neuronale

Nr. nivele ascunse Nr celule pe nivel Interval eroare relativa
procentuala

1 50 [-3,33, 6,94]

2 10 [-3.35, 6.96]

2 25 [-3.04, 6.82]

2 50 [-2.14, 6.68]

2 100 [-2.31, 6.7]

3 50 [-2.21, 6.49]

7.3.12. Analiza crossvalidare folosind scenariul ALL-DEG-CC-RW-SF

Crossvalidarea sau validarea incrucisatd este de asemenea o metrica pentru
analiza calitatii procesului de invatare. De asemenea aceastd metricd poate sa
confere o imagine de ansamblu asupra gradului de omogenitate a setului de date.
Datorita tipului de estimare, si anume a seriilor de timp, am folosit ca si metrica
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patratul coeficientului de corelatie r, intalnit si sub denumirea de coeficient de
determinare.

Pentru analiza validarii incrucisate am folosit 10 subdivizari a setului de
date. Tabelul urmator sintetizeaza valorile coeficientului de determinare pentru cele
10 rulari:

Tabel 6. Valoarea parametrului de corelatie pentru pasii de crossvalidare

Pas crossvalidare Valoare r2
0.9949
0.9981
0.9977
0.9974
0.9975
0.9983
0.9976
0.9975
0.9963
0 0.9982

OO N[O |UTR[WIN |

Pentru exemplificare am afisat graficul corespunzator coeficientului de
determinare pentru pasul 1 in cadrul validarii incrucisate.
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Fig. 21 Parametru de corelatie pentru pasul 1 de crossvalidare

7.3.13. Evaluarea implementarii metodei pe sisteme incorporate
Pentru evaluarea implementarii metodei pe sisteme incorporate am ales

setul de platforme fizice (vezi Fig. 46) _ale cdror specificatii sunt sintetizate in
tabelul urmator:
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Fig. 22 Platforme fizice folosite

Tabel 7. Lista platformelor HW si configurarea SW pentru evaluarea implementarii
metodei pe sisteme incorporate

Patforma EFM32GG Nordic nRF52840 Raspbery pi 4 NVidia
jetson nano
Hardware Silicon Labs Nordic semiconductor Broadcom Nvidia GPU
EFM32GG990F1024 nRF52840 64MHz BCM2711 128 - core
48 MHz ARM Cortex M4 32 bit Quad core 1.5 GHz Maxwell
ARM Cortex M3 32 bit cu unitate FPU 64 bit Quas core
128 KB RAM 256 KB RAM ARM Cortex A-72 ARM A57
1MB flash 1 MB flash 4GB LPDDR4-3200 1.43 GHz
SDRAM 4GB LPDDR4
SDRAM
Software Mbed OS Mbed OS Raspbian Ubuntu
Linux
Compilator gcc 7.2.1 arm-none- gcc 7.2.1 arm-none- gcc 8.3.0 arm-linux gcc 8.3.0
/ eabi eabi gnueabi / python arm-linux
translator 3.6 + tensoflow 2.1 gnueabi /
python 3.6
+ tensorflow
gpu 2.2

Am folosit doua implementari ale metodei: cea bazata pe platforma PnP
(C/C++) si cea bazata pe python (Keras) si tensorflow. Ca si criterii de evaluare am

ales timpul de executie, memoria ocupatd, consum si eroarea de estimare.

Rezultatele complete se pot regasi in tabelul de mai jos:
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Tabel 8. Evaluarea implementarii metodelor pe sisteme incorporate

Platforma PnP
sistem  / MEroare Timp estimare Memorie Consum energie
Implemen- | ogtimare [s] utilizat
tare [bytes]
EFM32GG PC 24.537 s RAM: 125400 0.0825A
FLASH: 291916 | 5.06V
nRF52840 PC 3.925s RAM: 132664 0.107A
FLASH: 286456 | 5.04V
Raspberry PC 0.1042 .text 13392 0.477A
Pi4 .data 2464 5.02v
.rodata 251746
.bss 126145
Nvidia PC 0.1397 s .text 14220 0.827A
jetson .data 2712 5.03v
nano .rodata 251939
.bss 127329
Platforma Keras (tensorflow)
sistem  / MEroare Timp estimare Memorie Consum energie
Implemen- | octimare [s] utilizatd
tare [bytes]
EFM32GG N/A N/A N/A N/A
nRF52840 N/A N/A N/A N/A
Raspberry PC 0.1042 .text 13392 0.477A
Pi4 .data 2464 5.02Vv
.rodata 251746
.bss 126145
Nvidia PC 3 Max. 29853999 1.02 A
jetson (prima estimare) 5.04 VvV
nano
0.049
(restul estimarilor)

7.4. Discutarea rezultatelor si studiul comparativ cu alte

metode

Voi incepe discutarea rezultatelor prin prezentarea concluziilor recente
referitoare la performantele de estimare ale metodelor existente in termeni de
eroare maxima si minima 0. Acestea se pot regasi in figura 45

Metodele bazate pe filtru Kalman si derivatele acestora se caracterizeaza

printr-o eroare de estimare de maxim 5% si minim 2.5%. Aceste rezultate au fost
obtinute In marea lor majoritate pe medii de simulare pe PC, neexistand o corelatie
clara cu resursele utilizate si posibilitatea implementarii in sisteme reale de
management al bateriilor.

Un interval mai larg de erori il prezinta metodele bazate pe observatori
(modele matematice). Erorile de estimare se incadreaza intre maxim 10% si minim
2.5%. fintr-un mod asemanator se comportda si metodele bazate pe regresie in
sensul celor mai mici patrate (polinomiald, exponentiald), cele din urma prezentéand
avantajul resurselor computationale reduse si totodata facilitatea implementarii in
sisteme incorporate.
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Conform 0 metodele bazate pe logica fuzzy prezintd o eroare de estimare
situata in intervalul [2.5%, 5%]. Desi aceastda metoda nu impune un efort
computational substantial, eroarea de estimare depinde mult de modelul ales si de
setul de date, cel mai important dezavantaj fiind cel al necesitatii unui set de date
mult mai mare ca cel necesar metodelor bazate pe retele neuronale

I Min Max = - avg
Accuracy of Adaptive Methods

100

s B-1-E -B- B
90
85
80
75
70
& o©

& & &
& &
N4 5
(b
&
QQ'

Fig. 23 Acuratetea estimarii pentru diferite metode de estimare a starii de degradare
a bateriilor 0

Metodele bazate pe ciclul de viata (de degradare) al bateriei prezinta o
acuratete mai mare, eroarea de estimare se situeaza in intervalul [1.5%, 5%]. In
general aceste metode se bazeaza pe analiza datelor de laborator obtinute offline in
urma ciclarii intensive a bateriilor in diferite conditii.

Metodele bazate pe retele neuronale prezintd cea mai mare acuratete
conform 0. Eroarea acestor metode se situeaza in jurul valorii de 1% - 1.5%.
Aceste valori au fost obtinute in marea majoritate a lor prin folosirea unor seturi de
date rezultate din ciclarea bateriilor la temperatura ambiantd de 25 de grade
Celsius, Incarcarea si descarcarea facandu-se cu un curent constant. Acest lucru I-
am confirmat prin rularea scenariului experimental 25-DEG-CC-SF. Totusi prin
utilizarea unui set de date ce contine scenarii mai aproape de utilizare reala, cu
curenti de descarcare variabili si multiple valori pentru temperatura de operare, am
obtinut un interval de eroare ce se apropie de valoarea mediana a erorii de estimare
a celor mai des intalnite metode de estimare.

Comparativ cu alte metode bazate pe retele neuronale cu memorie [3] cum
ar fi LSTM, metoda bazatd pe celule GRU are avantajul ca prezinta o structura mai
simpld a celulei si de aceea numarul parametrilor modelului de estimare este cu
25% mai redus decat cel al LSTM. Acest lucru este important atat pentru procesul
de invatare cat si la implementarea metodei in cadrul unui sistem incorporat cu
resurse computationale reduse.

Tabelul urmator sumarizeaza comparatia modelului GRU cu LSTM
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Tabel 9. Comparatie intre retele neuronale LSTM si GRU [3]

Criteriu LSTM GRU
Nr. de parametri model 30651 23001
Eroare medie absoluta 0.270 0.264
invatare
Interval eroare relativa [-5.02, 5.24] [-5.13, 5.32]
procentuald pt. ALL-
DEG-CC

Tot in [3] am folosit un set de date asemanator cu ALL_DEG_CC, in care
am considerat limita bateriei degradate intre 60% si 70%. Folosind acest set de
date am comparat GRU cu cele mai cunoscute metode bazate pe retele neuronale,
precum si metodele bazate pe regresie in sensul celor mai mici patrate. Rezultatele
sunt sumarizate in figura de mai jos, pentru diferite baterii selectate.

8 T

Absolute estimation error [%]

(I Poly > I Exp [ JwiLP [ L STM [ GRU|

| | | | |
-10
B00OS B0028 B0032 BO040 B0045
Battery dataset

Fig. 24 Studiu comparativ a principalelor metode de estimare cu implementare pe
sisteme incorporate [3]

Metodele bazate pe regresie polinomiald si exponentiald prezinta erori de
estimare bune in cazul in care curba capacitatii urmdreste graficul unei functii
polinomiale sau exponentiale. In majoritatea cazurilor, neliniaritatile caracteristice
capacitatii bateriei fac ca eroarea de estimare sa creasca, de exemplu la un interval
de eroare [-7.5%, 4%] respectiv [-7%, 3.8%] pentru bateria B0O005. Metodele
bazate pe retele neuronale prezintd o acuratete de estimare mult mai buna:
incepand cu MLP, pentru care eroarea de estimare este intre -6.5% si 2.5% si
continuand cu LSTM si GRU pentru care eroare se situeaza in intervalul [-5.5%), 2%]
pentru bateria BO0005, aproape la jumdtate ca primele metode amintite.
Imbunatatirea erorii de estimare se datoreaza structurii celulei retelelor neuronale
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recurente LSTM si GRU care folosesc memorie pe termen lung, respectiv pe termen

scurt.

Cand capacitatea bateriei prezinta multiple puncte de regenerare,
acuratetea de estimare scade si pentru LSTM si GRU, iar diferenta dintre metode nu
mai e asa de seminificativa. Acest lucru se poate observa la bateria B0032. Chiar si

asa, eroarea de estimare se afla intr-un interval acceptabil.
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8. CONCLUZII SI PERSPECTIVE

8.1. Concluzii

Teza de fatd prezinta activitatea de cercetare si dezvoltare efectuata in
cadrul programului de cercetare doctorald "Evaluarea starii de degradare a bateriilor
reincarcabile in sisteme alimentate cu baterii" realizatda de catre mine sub
conducerea stiintificd a domnului prof. dr. ing. Mihai V. Micea.

Lucrarea abordeaza probleme curente din domeniul bateriilor si a sistemelor
incorporate cu resurse limitate de procesare.

Principalele obiective ale tezei sunt descrise in sectiunea 1.3:

o Definirea unor metode de estimare a starii de degradare al bateriilor
reincarcabile care sa prezinte un nivel ridicat de performanta si de
eficienta, adica:
o 0 acuratete de estimare cat mai ridicatd in ceea ce priveste SoH,
respectiv
o sa poatd fi implementate si executate pe platforme digitale
incorporate, cu resurse limitate (de memorie, de procesare, consum de
energie, etc.).

o Definirea unui cadru de evaluare a performantelor metodelor de
estimare a SoH, care sa cuprinda:
o criterii de precizie si acuratete,
o criterii de evaluare a complexitatii algoritmilor,
o criterii de evaluare a resurselor de microprocesor utilizare precum si
a consumului propriu de energie al algoritmului.

Primul obiectiv a fost atins prin implementarea metodei de estimare a starii
de degradare a bateriilor reincarcabile descrise la capitolul 5, bazate pe retele
neuronale cu celule GRU. In plus am definit si o optimizare a acestei metode pentru
tipuri de baterii ce prezinta efectul de regenerare a capacitatii. De mentionat este
faptul ca metoda descrisa la capitolul 5 este o imbunatatire a metodei implementate
tot de mine si a carei specific este descris la capitolul 4, metoda bazata pe regresie
polinomiala. Metoda descrisa la capitolul 6 se poate implementa pe sisteme
incorporate de la cele mai simple ajungand la cele mai complexe in functie de
platforma software aleasa.

Cel de-al doilea obiectiv a fost atins prin descrierea si implementarea
cadrului de evaluare a performantei metodelor de estimare a starii de degradare a
bateriilor de la capitolul 6. Acest sistem cadru de evaluare a performantei a fost
dezvoltat avand ca scop obtinerea unor metrici prin care sa se poatda analiza si
categorisi orice metoda de estimare a starii de degradare a bateriilor, cu precadere
cele bazate pe retele neuronale. De asemenea in cadrul metodei descrise la capitolul
4 am implementat atat hardware cat si software un BMS complet.
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8.2. Rezumat al contributiilor

Lista completa a contributiilor din aceasta lucrare este prezentata mai jos:
e Capitolul 3: am realizat o analizd complexa a principalelor metode
de evaluare a starii de degradare a bateriilor scotand in evidenta
avantajele si dezavantajele fiecareia.
e Capitolul 4: Am prezentat descrierea si implementarea unei metode
simple si eficiente de estimare a starii de degradare a bateriilor bazate
pe regresii polinomiale de ordin 2.
e Capitolul 5: Am detaliat metoda de estimare a starii de degradare a
bateriilor bazate pe retele neuronale recurente de tip GRU. In plus am
descris optimizarea necesarda pentru baterii care prezinta efectul de
regenerare a capacitatii.
e Capitolul 6: Am descris si implementat un sistem cadru pentru
evaluarea performantelor metodelor de estimare a bateriilor in vederea
posibilitatii compararii acestora.
e Capitolul 7: Am utilizat sistemul cadru descris la capitolul 6 pentru
analiza performantelor metodei de evaluare a stdrii de degradare a
bateriilor in diverse implementari pe sisteme incorporate. In plus am
luat in considerare prezentarea unui studiu comparativ cu alte metode
existente.

8.3. Perspective de cercetare si dezvoltare

Din lucrarea de fata se pot evidentia mai multe directii de dezvoltare
ulterioare. Acestea se pot grupa in functie de obiectivele prezentei teze. In ceea ce
priveste metode de estimare a starii de degradare a bateriilor se pot distinge o serie
de imbunatatiri:

e Transformarea modelului intr-un model dinamic de actualizare a
parametrilor - reteaua neuronald prezentatda are parametri ficsi
calculati pe baza datelor din cadrul procesului de antrenare. Datorita
specificului metodei de a rula in timp real este benefic ca acesti
parametri sa poata fi actualizati cu fiecare ciclu de baterie introdus
prin utilizarea intr-un sistem de management al bateriei.

e Folosirea metodei prezentate impreuna cu alte metode mai simple
sau complexe in vederea obtinerii unui model mai performant.

Tindnd cont de cel de-al doile obiectiv, directiile de dezvoltare ulterioara pot fi:
e Largirea plajei de sisteme incorporate pe care se poate face
evaluarea.
e Adaugarea de suport pentru mai multe biblioteci software de
procesare precum si platformelor software
e Definirea unui scor prin intermediul caruia sa poata fi comparate
metodele.
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ANEXA 1. DESCRIEREA SETULUI DE DATE NASA
PROGNOSTICS CENTER OF EXCELLENCE

Cod baterie Conditii pentru ridicarea curbelor de
fncarcare/descarcare

B0OO5 Temperatura de operare: 25 grade C

B0O06 Curent incarcare: 1.5A

B0O0O7 Tensiune finald de incarcare: 4.2V

B0OO18 Curent de descarcare: 2A constant
Tensiune finald de descarcare: 2V

B0025 Temperatura de operare: 25 grade C

B0026 Curent incdrcare: 1.5A

B0027 Tensiune finala de incarcare: 4.2V

B0028 Curent de descarcare: puls de 0.05Hz cu
amplitudine de 4A, factor de umplere 50%
Tensiune finald de descarcare: 2V

B0029 Temperatura de operare: 25 grade C

B0028 Curent incarcare: 1.5A

B0030 Tensiune finala de incércare: 4.2V

B0031 Curent de descarcare: 4A
Tensiune finald de descarcare: 2V

B0033 Temperatura de operare: 25 grade C

B0034 Curent incarcare: 1.5A

B0036 Tensiune finala de incércare: 4.2V
Curent de descarcare: 2A constant
Tensiune finald de descarcare: 2V

B0038 Temperatura de operare: 25 grade C si 44

B0039 grade C

B0040 Curent incarcare: 1.5A
Tensiune finala de incarcare: 4.2V
Curent de descarcare: 1A, 2A, 4A, constant
Conditia de oprire: pana cand valoarea
capacitatii a scazut cu 20% fata de valoarea
capacitatii initiale

B0041 Temperatura de operare: 4 grade C

B0042 Curent incarcare: 1.5A

B0043 Tensiune finala de incarcare: 4.2V

B0044 Curent descarcare: 1A, 4A constant

B0049 Temperatura de operare: 4 grade C

B0O050 Curent incarcare: 1.5A

B0O0O51 Tensiune finala de incarcare: 4.2V

B0052 Curent descarcare: 2A constant

B0O053 Temperatura de operare: 4 grade C

B0054 Curent incarcare: 1.5A

B0O055 Tensiune finald de incarcare: 4.2V

B0056 Curent de descarcare: puls de 0.01Hz-5kHz
cu amplitudine de 2A, factor de umplere
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50%

Conditia de oprire: pana cand valoarea
capacitatii a scazut cu 30% fata de valoarea
capacitatii initiale

RW1 Temperatura de operare: 25 grade C
RW2 Durata incarcare: 0.5 - 3 ore
RW7 Profil descarcare: curent aleator 0.5A - 4A
RW8 Conditia de oprire: tensiunea la borne 3.2V
RW3 Temperatura de operare: 25 grade C
RW4 Inc&rcare: valoarea tensiunii la borne 4.2V
RW5 Profil descarcare: curent aleator 0.5A - 4A
RW6 Conditia de oprire: tensiunea la borne 3.2V
RW25 Temperatura de operare: 40 grade C
RW26 Incarcare: valoarea tensiunii la borne 4.2V
RW27 Profil descarcare: curent aleator 0.5A - 5A
RW28 Conditia de oprire: tensiunea la borne 3.2V

Se foloseste urmatoarea functie de

probabilitate pentru a selecta curentul de

descarcare la fiecare minut:

0.5A 2.0%

1.0A 2.4%

1.5A 3.6%

2.0A 6.0%

2.5A 9.2%

3.0A 11.8%

3.5A 17.2%

4.0A 23.4%

4.5A 19.4%

5.0A 5.0%
RW17 Temperatura de operare: 25 grade C
RW18 Incarcare: valoarea tensiunii la borne 4.2V
RW19 Profil descarcare: curent aleator 0.5A - 5A
RW20 Conditia de oprire: tensiunea la borne 3.2V

Se foloseste urmatoarea functie de

probabilitate pentru a selecta curentul de

descarcare la fiecare minut:

0.5A 2.0%

1.0A 2.4%

1.5A 3.6%

2.0A 6.0%

2.5A 9.2%

3.0A 11.8%

3.5A 17.2%

4.0A 23.4%

4.5A 19.4%

5.0A 5.0%
RW21 Temperatura de operare: 40 grade C
RW22 Incarcare: valoarea tensiunii la borne 4.2V
RW23 Profil descarcare: curent aleator 0.5A - 5A
RW24 Conditia de oprire: tensiunea la borne 3.2V
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Se foloseste urmatoarea functie de
probabilitate pentru a selecta curentul de
descarcare la fiecare minut:

0.5A
1.0A
1.5A
2.0A
2.5A
3.0A
3.5A
4.0A
4.5A
5.0A

7.2%
14.8%
19.3%
21.6%
14.6%
10.0%
6.5%
4.0%
1.5%
0.5%

RW13
RW14
RW15
RW16

Temperatura de operare: 25 grade C
Incarcare: valoarea tensiunii la borne 4.2V
Profil descarcare: curent aleator 0.5A - 5A
Conditia de oprire: tensiunea la borne 3.2V
Se foloseste urmatoarea functie de
probabilitate pentru a selecta curentul de
descarcare la fiecare minut:

0.5A
1.0A
1.5A
2.0A
2.5A
3.0A
3.5A
4.0A
4.5A
5.0A

7.2%
14.8%
19.3%
21.6%
14.6%
10.0%
6.5%
4.0%
1.5%
0.5%
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Abstract---Estimating the dynamic status parameters of a battery, such as its state of health (SoH)
and remaining useful life (RUL), is still a very difficult and complex task. In this paper we perform a
structured review of the most relevant state of the art models, algorithms and commercial devices
employed in the estimation of the SoH/RUL battery performance figures, in the context of embedded
applications. The models and estimation techniques are thoroughly classified and, for each
taxonomy class, a presentation of the working principles is made. A comprehensive set of metrics is
then infroduced for the evaluation of the SoH/RUL estimation techniques from the perspective of
their implementation and operation efficiency in embedded systems. These algorithms are then
analyzed and discussed in a comparative manner, with concrete figures and results. The capability
and the performance of the different types of off-the-shelf fuel gauges to estimate the battery
SoH/RUL parameters are also evaluated in this paper.

Keywords-—Battery state estimation; State of health; Remaining useful life; Battery model;
Embedded application; Battery fuel gauge.

1. Introduction

1.1. Battery Monitoring in the Context of Embedded Devices and Applications

Efficient gathering, storing and using of electrical energy under severe constraints of volume, weight
and cost, is a major topic of interest in current science and technology, with direct impact in every field
of modern human activity, due to the omnipresence of embedded devices and applications.

As still the most feasible solution today, rechargeable batteries are complex electrochemical systems,
highly sensitive to internal, external and operating conditions, such as temperature, charging current,
discharge profiles and depth of discharge (DoD). Moreover, the battery characteristics and behavior are
nonlinear and change significantly over time, due to the "aging" phenomenon. Therefore, battery
management systems (BMSs) are a vital component of modern battery packs, with two major roles:

(a) to ensure the safe operating area (SOA) of the battery, defined by manufacturing and architecture
related specifications, such as the maximum charge and discharge currents, maximum DoD, upper and
lower boundaries for the voltage of the individual cells, and

(b) to continuously measure battery parameters, to determine or predict its status, health and
performance figures — generally referred to as battery monitoring.

BMS in general, and battery monitoring in particular, require specialized hardware and software to
implement precise measurements of parameters such as voltage, current and temperature, as well as
complex data processing and prediction algorithms. Two main categories of status and performance
figures of the battery are usually determined by such algorithms: instant status (snapshot) parameters
and characteristics related to the dynamic status (history) of the battery.

State of charge (SoC) is a key indication of the instant status of the battery, which estimates the
percentage amount of energy it currently stores, relative to the most recent fully charged state. The SoC
can provide to the user a rough indication on the time the battery will last until full discharge and. in
automotive applications for example, this parameter can be used in a similar way the fuel gauge is in
conventional cars. Nevertheless, without information on the history of the battery, SoC alone cannot
accurately indicate the remaining time until complete discharge. Therefore, the dynamic status figures
of the battery are very important in battery monitoring and management systems.
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State of health (SoH) is an indication of the dynamic status of a battery, related to the initial
condition of the battery. Typically, this initial condition (at the time of manufacture) is considered SoH
= 100%. With time and usage of the battery, the SoH will decrease, due to irreversible internal chemical
and physical processes generally referred to as battery aging. When the capability of the battery to store
and provide energy decreases under a predefined threshold, it is considered depleted (but still further
usable) and needs to be replaced. At this point, the SoH is defined as 0%.

Remaining useful life (RUL) is another important parameter, belonging to the same category of
dynamic battery status figures. It is directly related to the SoH, as it is generally defined as the number
of charge/discharge cycles or the time left until the battery reaches to the SoH = 0%.

Compared to the instant parameter case, estimating the dynamic status parameters of a battery, such
as the SoH and RUL, is still a very difficult and complex task. The challenges are further increased by
the frequent cases where already used batteries are employed in various applications, such that their
previous history is unknown to the battery state and health estimation algorithms. Currently, these
techniques still need consistent improvements to meet the efficiency required by most real-life
applications, especially in the field of sensors and embedded control.

Aware of the importance and the current problems of this topic, we are investigating and reviewing
in this paper the most relevant state of the art models, algorithms and commercial devices employed in
the estimation of the SoH/RUL battery parameters and performance figures.

1.2. Related Work and Motivation of the Survey

As an indication of the major interest the embedded. reusable power sources and, in particular, the
batteries have gained in late years, stand the impressive number and variety of researches and scientific
publications in this area. There are also many surveys which discuss and compare the proposed
approaches and results.

An extensive review of the state of the art methods for monitoring and estimating Lithium-Ton (Li-
lon) battery states and parameters is provided in [1]. The approaches from an impressive total of 375
scientific and technical sources are classified into 6 categories, according to the main battery parameters
and performance figures: state of charge, battery capacity, impedance, available power, state of health
and remaining useful life. The methods employed within each of these categories are then briefly
discussed in a critical manner, with emphasis on their advantages and weaknesses. On the other hand,
the techniques under review are very briefly p d or not pr d at all. Only the Li-lon batteries
(LIBs) are covered regarding battery chemistry. Furthermore, this work takes into consideration only
the methods which can be applied to battery electrical vehicles (BEVs) and hybrid electrical vehicles
(HEVSs). From the same perspective, the authors of [2] review some of the most important advances and
challenges regarding BMS for Li-Ion batteries. A presentation of the SoC, SoH and state of function
(SoF) battery state figures is made, along with a discussion of the various techniques proposed in the
literature for estimating these parameters. Except for the SoC case, this analysis is relatively short and
does not provide concrete results and figures. Similar approaches can also be found in [3] - [5].

Battery ageing process for Li-lon chemistries in automotive application is reviewed in detail in [6]
and some techniques for estimating it are then briefly analyzed, mainly from the perspective of their
advantages and drawbacks. These methods, which are mainly proposed in the state of the art for the
SoH prediction, are roughly classified into five categories: algorithms based on electrochemical and
equivalent circuit models, performance-based, analytical methods with empirical fitting and statistical
approaches. Other surveys sharing this perspective can be found in the literature, e.g. [7].

With the focus on the same electrical vehicle application area, the authors of [8] review some of the
methods for estimating battery SoC and SoH performance figures, as part of the emerging prognostics
and health management (PHM) scientific field. Several battery electrical and electrochemical models,
such as the Thevenin-based and the runtime-based models, followed by the neural network, support
vector machine, fuzzy logic and Kalman filter data-driven methods, are briefly presented in the context
of the SoC and SoH estimation. The corresponding approaches in the literature are discussed in a
relatively short and general manner, without performance figures and comparisons. From a similar
PHM perspective, the authors of [9] review the various prognostics approaches used in the state of the
art to predict the RUL of generic engineered systems, by broadly categorizing them into experience-
based, data-driven, physics-based and combined (hybrid) approaches. As a case study, such a hybrid
prognostics approach has been applied to estimate the RUL of Li-lon batteries, by combining the
physics-based standard particle filter state estimation process with two data-driven methods. i.e. the
support vector regression and a similarity based prediction method.

A survey of the most common physics-based battery modeling techniques is given in [10]. for
electrical and hybrid vehicle battery chemistries such as the Nickel-Metal-Hydride (NiMH) and Li-lon.
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The electrical, impedance and electrochemical mathematical models are presented and the related
approaches in the literature are briefly discussed.

In [11]. Moldovan, Weibelzahl and Hava Muntean focus on the energy-aware mobile learning
systems and present, in this context, an overview of three main battery state and performance
parameters, i.e. SoC, SoH and the remaining run time (RRT). Some of the techniques proposed in the
field to estimate these parameters are briefly reviewed, especially for the SoC figure. A short
presentation of several battery models is also included, based on a classification into five categories:
empirical models, electrochemical, electrical-circuit, mathematical and hybrid models.

Motivated by the shortcomings identified in the reviews presented above, the approach proposed in
this survey focuses on improving the following aspects which are incompletely treated or even missing
from the related papers in the literature:
® An exhaustive classification and presentation of the working principles of the most relevant battery
models and SoH/RUL estimation methods currently found in the state of the art
® Introduction of a comprehensive set of metrics, specially selected for the analysis and evaluation of
the SoH/RUL estimation techniques from the perspective of their implementation and operation
efficiency in embedded systems

® Detailed discussion and evaluation, in a comparative manner, of the battery state and health
estimation methods, based on the proposed taxonomy and set of metrics, with concrete figures and
results

*  An analysis of the current off-the-shelf commercial solutions for the SoH/RUL estimation.

1.3. Synopsis of the Paper and Intended Andience

Using battery models to calculate various parameters and as a base for algorithms which estimate
battery health and performance figures is a common approach in the state of the art. In Section 2, we
present and discuss the most relevant types of battery models found in the literature. The review is
based on a classification of the battery models into four main categories, as shown in Table 1.

Table 1. Classification of battery models

Subsection Battery Models
2.1 Electrical (Randles) models
22 Electrochemical models

23 Mathematical models
24 Lifecycle models

Battery state and health estimation is a non-trivial task and a large number and variety of methods
have been proposed in the literature. A survey of the SoH/RUL estimation methods is made in Section
3, based on a classification of the algorithms employed (see Table 2). For each category, we present the
underlying theoretical principles, to provide an indication of both the operating foundations of the
algorithms, as well as of their required computational complexity. The various methods derived from
the basic approach are then discussed, in terms of implementation particularities, accuracy and
performance.

Table 2. Classification of battery SoH/RUL estimation techniques

Subsection SoH/RUL Estimation Methods
il Coulomb counting
32 Open circuit voltage (OCV)
i3 Electrochemical impedance spectroscopy (EIS)
34 Kalman filter based (KF):
EKF. DEKF, UKF. SPKF, CDKF
35 Support vector machine (SYM) /
Relevance vector machine (RVM)
3.6 Particle filtering:
SIR, RBPF
3.7 Fuzzy logic
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38 Other methods:
Least squares,
Magnetic field,
Sample entropy,
Approximation entropy,
Unobserved model,
Probability density function (PDF),
Gaussian process functional regression,
Wiener process,
Autoregressive model (AR) with particle
swarm optimization (PSO),
Neural network,
Bayesian approach

Section 4 contains a structured analysis of all the SoH/RUL estimation methods covered in this
survey. We propose a system for the qualitative and gquantitative evaluation of these algorithms,
composed of six metrics: battery chemistry, computational complexity, data processing mode,
estimation result, processing time and estimation precision. The evaluation results are synthetically
presented in a head-to-head, detailed comparison table, at the end of this section.

An analysis of the state of the art commercial devices for battery monitoring and state estimation---
the battery fuel gauges-—is provided in Section 5. A general presentation of the battery fuel gauge is
made, followed by a discussion and comparison of such off-the-shelf products, commonly found on the
market. The approach is focused on the capability and the performance of the different types of fuel
gauges to estimate the battery SoH/RUL figures.

In conclusion, this survey is addressed mainly to scientists and engineers in the field of embedded
devices and applications, who are either studying the various existing battery state and health estimation
techniques, or searching to select a particular SoH/RUL estimation method for an efficient
implementation on embedded targets.

1.4. List of Abbreviations

Table 3. List of the abbreviations and acronyms in the paper

Abbreviation Description
AGMM Adaptive Gaussian mixture model
AR Autoregressive model
ARMA Autoregressive moving-average
BEV Battery electrical vehicle
BMC Bayesian Monte Carlo
BMS Battery management system

CC-CVv Constant current - Constant voltage
CDKF Central difference Kalman filter
DEKF Dual extended Kalman filter

DoD Depth of discharge

DST Dempster—Shafer theory
ECM Equivalent circuit model
EIS Electrochemical impedance spectroscopy
EKF Extended Kalman filter
ESR Equivalent series resistance
HEV Hybrid electrical vehicle
HMPSO Hybrid multiple particle swarm optimization
ICA Incremental capacity analysis
KF Kalman filter
LIB Li-lon battery
LiFePO4 Lithium Iron Phosphate
MPF Mutated particle filter
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MAE Mean absolute error

MAPE Mean absolute percentage error
MSE Mean square error

NiIMH Nickel-Metal-Hydride

ocv Open circuit voltage
PDF Probability density function

PF Particle filtering
PHM Prognostics and health management
PSO Particle swarm optimization

RAPF Regularized auxiliary particle filter
RBPF Rao-Blackwellized particle filter

RMSE Root-mean-square error
RNN Recursive neural network
RRT Remaining run time
RSR Residual systematic resampling
RUL Remaining useful life
RVM Relevance vector machine
SIR Sampling importance resampling
SLA Sealed lead acid
SPKF Sigma point Kalman filter
SOA Safe operating area
SoC State of charge
SoF State of function
SoH State of health
SVM Support vector machine
SVR Support vector regression
UKF Unscented Kalman filter
UPF Unscented particle filtering

VRLA Valve-regulated lead-acid

2. Battery Models

A battery model establishes rules and formulas which can be then used to directly calculate the desired
output quantities. It can be also considered as an input on which the SoH and RUL estimation methods
are based upon.

The process of modeling measured battery parameters in order to obtain estimations of its SoH and
RUL has been extensively used in the literature. In this section, we will investigate some of the most
relevant battery models in the state of the art.

2.1. Electrical Battery Models

An electrical battery model can also be referred to as an equivalent circuit model (ECM), Randles
model or Thevenin model. All ECMs are based on the same structure: an ideal voltage source, a series
resistance, and one or several resistor-capacitor groups, the groups being connected in series with the
resistance.

The ideal voltage source represents the open-circuit voltage of the battery (OCV, denoted as Uoc)
and it is an important input parameter, used in various estimation methods. The series or chmic
resistance (denoted as R ) is the battery internal resistance when applying a constant charge or
discharge current.

The Ry-Cp pairs, in which the resistance is always connected in parallel with the capacitance. are
used for modeling the battery behavior in dynamic operating conditions, e.g. when the current is not
constant. They are also used for expressing the battery voltage response to a step increase or decrease of
the current, as current pulses are used by several parameter estimation methods described in the art.

The simple (classic) ECM, which employs a single R-C pair, is presented in [12] (see Fig. 1).
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Fig. 1. Simple electrical battery model

In [13] the authors present a solution in which the model parameters are recalculated online at each
charge/discharge cycle.

Some simplifying assumptions are also made in [12], to aid the calculation of the SoC: Ra, Ry and
Cp are invariant from 3.0 V to 4.2 V, but they do change with the battery SoH. Another assumption
states that the UpASoC) i1s invariant with the temperature and the SoH.

The model can be expressed mathematically as:

U=Uye(SoC)+ IR, + U,
1=%e.c 4y

P
R, dt

(1)

In (1), Upis the voltage drop across the resistor-capacitor group. This simple ECM is used
extensively in the art ([14] - [16]).

An interesting approach to modeling the battery voltage can be found in [17]. Here, an over-
simplified Randles model is used, which is comprised of only the OCV ideal source and the series
ohmic resistance. The authors consider this model to be sufficient for their purposes, because it offers a
balance between accuracy and simplicity, and the estimation of the SoC is carried out by using an
unscented Kalman filtering approach.

A more complex ECM, which uses two R-C pairs, is described in [18]. The proposed approach is to
use one of the R-C pairs for expressing the battery terminal voltage when charging the battery and the
other one for modeling the battery voltage during discharge. A similar model has also been described in
[19].

2.2, Electrochemical Battery Models

As variants of the Randles model. these models try to approximate as accurately as possible the
chemical processes which take place inside a battery cell of Li-lon class during the charge, discharge
and the relaxation phases. From the chemical point of view, the Li-lon battery is comprised of three
main components: the negative electrode, the separator and the positive electrode. In this model, the Li
ions flow from the negative electrode to the positive electrode during discharge, and vice versa during
the charging phase ([20]. [21]).

Fig. 2 shows an electrochemical impedance model based on the single particle approach employed
in [20]. The impedance of the battery using this model can be expressed as:

, Zy SEI Z
Zm”=fﬂi+"sl—+ﬂﬂ+q—p (2)

n P

where Zy, 1 is the impedance of the anode and the solid-electrolyte interface, Z, is the cathode
impedance, and S, and 8, are the surface areas of the anode and the cathode, respectively.

Cﬁlm Ca
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Fig. 2. Electrochemical battery model

Another variant of a second order Randles model is employed in [22] for estimating the capacity
fade of Li-lon batteries, which is essentially the SoH after accelerated aging, not after the actual usage.
Although a relatively complex model is used, the authors find that only 3 out of the 8 parameters of the
model can be used for the actual estimation.

The electrochemical model can also be applied to other battery chemistries. such as Lead-Acid [23].

| In [24] the authors propose a simplified Randles model which they prove to be sufficient for estimating
the SoH, based on only one parameter of the model.

A more complicated approach is presented in [25] - [27], where the ion concentration and chemical
reactions are modeled using differential functions.

2.3. Mathematical Models

The mathematical models generally use one (electrical) battery parameter for the estimation of the
SoH. In [28]. SoH estimation is done based on CC-CV (Constant Current - Constant Voltage) charge
curves and calendar aging analysis. For each charge cycle, in the CV phase, the current can be
expressed using:

He)=ae 4 (3)

where 4, B and C are scalars representing the model parameters.
Taking into consideration the dependency of the model parameters on the capacity loss of the
battery, (3) can be rewritten as:

16,y ) = A(Cy Je " 4.0(C,,) @

The authors show there is a linear relationship between the remaining capacity and the value of
parameter B: a decrease in battery capacity follows a decrease in the value of parameter B. All the
measurements and analysis have been done offline on a significant number of cycles.

In [29] and [30], the OCV mathematical model is employed to determine the SoH based on the
incremental capacity analysis (ICA) method. The OCV can be defined as:

oc(z)= Ko—ﬁ—gzzu(j In(z)+ K, In(1 - =) (5
z

where Ko 4 are the model parameters, and z the normalized SoC. Better estimation results are obtained
using a more complex model:

1 1
"73(-_” + Ky 1107 + K5z (6)

1 1
OCH(z)=Kp+ K +K +K
)=k + £, 1+ E=A) ’ 14+226E) ’ 1+¢
The Incremental Capacity (IC) curves were derived from over 2000 charge/discharge cycles.
In [31], the SoH is predicted from the capacity curves resulted from capacity measurements in each
battery cycle. Three prediction models are compared in terms of accuracy: the exponential model (7),
the polynomial model (8) and the proposed ensemble model (9):

Cap =Can +Capz = ﬂ']'?ﬂ)k + *’3-’390‘“'Q (7
Cip = Copy +Cia = Bk™ + Bok + By (8)
Cop=me’ +7:k" +y, @

where Ca, Catand Cerare the values of the battery capacity, & represents the discharge cycle number,
and @y, ¢, @z, o4 f1. fa, B30 91, 72, 1 are the respective model parameters. The results show that the
proposed ensemble model has the best accuracy for the SoH prediction.
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In [32], the authors propose an SoH evaluation method based on capacity estimation. The capacity
estimation is made using a sample entropy algorithm based on the voltage responses resulting after the
hybrid pulses tests, and on static capacity curves. The sample entropy values are taken as input for the
capacity estimation. The sample entropy function can be defined as follows:

SampleEnlm, r, N] = In{ ;m g-ﬂ (10)

where N is the length of the sample entropy series, m is the length of a subset of the sample entropy
series, for which the difference between any two consecutive elements is bounded by the tolerance r,
A"(r) is the probability that two subsets (vectors) will match m + 1 elements, and B"(#) is the
probability that two subsets will match m elements. The algorithm was tested on multicell batteries at
different temperatures. The results show satisfactorily robust estimations.

The battery zero-state hysteresis model is introduced in [33], to predict the changing battery voltage
profiles for each charge/discharge cycle. In this case the battery voltage is defined as follows:

¥y = OCV (S0Cy )~ Riy — s, M (11)

where F; is the battery voltage at battery cycle k. OCF(SoCy) is the battery open circuit voltage at cycle
k., it the battery current at cycle &, M and s are the hysteresis parameters, with M representing the
magnitude and s¢, which depends on the battery current direction, is defined based on a positive value &
as follows:
L iy =&,
5 =q-1, i, <—¢ (12)

Sp_s I £ |.f|

2.4. Lifecycle Models

The lifecycle models propose another approach to solve the problem of SoH determination of a
battery cell. These battery models monitor battery parameters and their relation with the aging process
over the entire lifetime of a battery. The SoH prediction is made based on the observations obtained
after extensive offline tests. This approach is different from the other types of models which monitor
battery parameters in real time and estimate the SoH based on the instantaneous values of these
parameters.

A method for determining the battery aging model has been presented in [34]. Some parameters,
such as the operating temperature, depth of discharge, discharge current rate and charge current rate, are
analyzed in terms of their impact on the battery health. The proposed model was developed and
validated in Matlab.

The authors of [24] propose to monitor battery parameters such as temperature, capacity and number
of cycles. In order to predict the SoH, recursive neural network (RNN) and support vector machine
(SWM) are used. These techniques involve extensive training and high amounts of data to be processed.
To shorten the observation time, the authors used accelerated aging tests. It is questionable if these tests
can accurately map the real life operating conditions of a battery.

In [35] and [36]. the lifecycle models presented are based on battery reliability and failure models.
These models are used in addition to data driven techniques in order to estimate the health of the
battery. Matlab is used as support for evaluating the model.

Because of the extensive laboratory tests, the lifecycle models are generally used in extension with
other battery models.

3. SoH Estimation Methods

The SoH of a battery can be estimated by applying processes and algorithms to its observable
parameters, such as the voltage, current and temperature. These processes and algorithms comprise of
what we denote as estimation methods, and each method uses a certain battery model as input for
transforming the battery observable parameters into SoH and/or RUL. In this section we present some
of the most utilized SoH estimation methods that can be found in the art.
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3.1. Coufomb Counting
Coulomb counting is one of the most common methods used for estimating the SoH. It consists of
two steps: in first step the Quischarge of the battery is determined, corresponding to the value of the SoC of
%, by integrating the value of discharge current in time; in the second step, the value of the SoH is
calculated by dividing the value of Quichage With the value of the rated capacity:

T
Outischarge = Iﬂ 1)t

v ] _ Qdi.wcﬁm_\'e

(13)
Sof [¢

x 100%

rated

The main battery parameters which are measured and monitored are: battery charge/discharge
current, battery voltage, battery charge, battery temperature. This method can be easily converted into
an adaptive one, by computing the two values in (13) during each discharge cycle. It was observed. e.g.
in [37], that the value of Qe is decreasing with the increase of the charge/discharge cycle number.
This generates a negative trend for the values of the SoH. Commonly, for a value of the SoH of below
80%, the battery is considered unusable. The accuracy of this method relies on the measurement
instruments which should be calibrated periodically.

In [37], authors claim that the accuracy of the coulomb counting method depend primarily on the
measurement accuracy of the current and of the initial SoC. A new metric for characterization of the
discharge is introduced. depth of discharge (Dap), which is similar to the SoC:

D, cleas
Dyp = Oreteased 1009, (14)

rated

where released is the discharged battery capacity. At a given instant of time, Dop can be expressed as:

Dop(t)= Dop 1)+ nADgp 1)
[ a0 (15)

ADgp (1)=———100%

rated

where [, is the discharge/charge current, i 1s the operating efficiency.

The SoH is defined as the Dop when the battery is exhausted. In each discharge and charge cycle,
the Dpp is compensated with the charge/discharge efficiency. In addition a recalibration is made at fully
charged stage and at fully discharged states.

Among the advantages of this solution can be mentioned the low cost implementation of the
measurement devices, very low processing power requirements for the algorithms and easy integration
[1]. The estimation accuracy depends on the battery charge/discharge cycle, reaching up to 1% for cycle
numbers higher than 28.

A complete BMS is presented in [38]. in which the SoC and the SoH are computed using coulomb
counting. The performance of the standalone coulomb counting method is compared with a modified
version which uses OCV in combination with Kalman filtering for SoC estimation. The SoC and SoH
estimation errors are computed at different charge currents and the results range between +/— 3%.

3.2. Open Circuit Voltage (OCV)

The OCV based method for estimating the SoH of the battery is oriented on defining the SoH as a
function of the open circuit voltage of the monitored battery. This method is found in the literature both
in the offline and in the online form.
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Fig. 3. Simplified electrical battery model

As presented in [17], the Usncr 1s defined based on the simplified electrical model of the battery
presented in Fig. 3:
Usew =U+ IR (16)

where, U, is the battery open circuit voltage, [ the battery current, R is the battery internal voltage,
and U its terminal voltage.

The offline method is based on the mathematical model centered on the OCV value. As presented in
the previous section and in [29]., [30]. extensive tests are conducted on the batteries to obtain the OCV
curves and a relationship with the battery SoH.

In [17]. the authors prove the influence of the temperature when building the OCV-SoC curves. This
influence should not be neglected, when high accuracy of estimation is needed. The authors provide a
method to produce the OCV-SoC curves, including temperature influence and provide validation tests.

Despite good accuracy of estimation, the offline approach involves extensive laboratory tests.

The online variant of the method considers OCV as a parameter of the electrical model, which is
determined based on system identification. The estimation error is influenced by the initial SoC which
is taken into consideration and temperature. When the difference between the real initial SoC and the
one used for calculations is kept low, the error is also low. A low battery temperature introduces root-
mean-square errors (RMSE) in the range of 5% - 25%.

The online OCV method is used in [14], in combination with the parameters of an electrical model,
to estimate the SoC and the SoH of the battery. The algorithm presented is suitable for multicell
batteries. The estimation is based on power calculations. The estimation inaccuracy depends only on the
forecast period, when battery diffusion overvoltage could influence the computed SoC.

In [12], the authors present some disadvantages of using the open current voltage as a parameter for
estimating SoH. They claim that this parameter is difficult to determine in practical use. They focus on
using an electrical battery model and, based on the CC-CV curves, they try to eliminate the OCV from
the equations. This simplifies the algorithms and. thus, reduces the processing power requirements and
the hardware costs.

Other authors, [1], consider the OCV method very efficient and simple to use in combination with
Coulomb counting. In [39], the authors propose a new OCV model combined with exponential
parameters, (6), to estimate SoH with the help of the incremental capacity method. This combined
approach gives an estimation error of about 1%.

3.3. Impedance Spectroscopy Method

Electrochemical impedance spectroscopy (EIS) is a method which permits obtaining highly accurate
impedance measurements of a battery cell over a large spectrum of frequencies at low currents. The EIS
measurements are proven in existing literature to be reliable indicators for a battery SoC and can be
used to predict its SoH. Fig. 4 shows a typical real and imaginary impedance plot for a battery.
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Fig. 4. Typical Nyquist plot obtained using EIS [24]

One of the most common usages of the EIS method is to identify the parameters of an
electrochemical battery model. This approach is detailed in [20]. as the authors develop such an
electrochemical battery model based on the specific physical phenomena on Li-lon cells. The model has
16 parameters, out of which 6 are pre-calculated and deemed fixed. while the remaining 10 are
determined using the hybrid multiple particle swarm optimization (HMPSOQ) method. out of the
measured EIS data.

The EIS measurements are carried out on Li-Ion cells charged at 100% and 50%. in the [0.025 Hz. 4
kHz] frequency range. The identified model is compared against the Randles model using EIS
measurements and is demaonstrated to be 8 times more accurate than the latter. The papaer does not
present a complete SoH estimation, but two model parameters are proposed to be used for the
estimation.

In [24], the authors couple the EIS method with a RNN in order to predict the SoH and the RUL of
the batteries under test. EIS is used as an offline analysis method in this paper as well, to calculate the
parameters of the equivalent circuit model proposed by the authors.

The ECM contains 5 elements. Two of them are used to model resi the ohmic resist R
and the SoC-dependent resistance Rz The model also contains two constant phase elements (CPE),
namely CPE, and CPE>, which are used to model the diffusion, charge transfer and double layer
chemical processes. It has been observed that the CPE) and CPE; parameters are SoC dependent. The
EIS measurements have been conducted at 25 °C and the data has been collected in the frequency
spectrum of [0.01 Hz, 10 kHz]. Finally, the model has been validated with a standard current load used
for HEVs, thus proving that a relatively simple model is sufficiently accurate and can be used in an on-
board BMS.

The actual prediction of the remaining battery capacity is performed using a RNN, for which the
battery model determined using the EIS method is an input. The algorithm has been used on simulated
data, to predict both the battery remaining capacity and its equivalent series resistance (ESR). The
average absolute error (calculated from the mean square error that the authors provide) is 2.1% for the
predicted remaining capacity, which proves the viability and accuracy of the proposed methods.

Another novel application of the EIS method can be seen in [40]. The authors analyze and propose a
RUL prediction method for the calendar ageing phenomenon of Li-Ion cells used in HEVs. The
experiments have been performed at 3 different ambient temperatures and at 3 SoCs, the EIS
measurements proving that the battery SoH is dependent on the temperature and the SoC at which it is
used. By analyzing the EIS plots, the authors have identified one parameter. namely the impedance real
part at 0.1 Hz, which varies exponentially with the SoH and can thus be used to accurately predict it.
Fig. 5 demonstrates that the impedance real part can be accurately predicted using the proposed
exponential fitting function. The results presented in the paper show that the parameter identified using
EIS measurements can be used for robust SoH prediction, and that the model and the process are
simpler than those using ECM.
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Fig. 5. Predicted and measured impedance real part [24]

3.4. Kalman Filtering

The Kalman filter is a powerful method for estimation of the states of a process. It consists of two
parts: the prediction phase and the update phase. In the prediction phase, the process state is estimated.
In the update phase, the filter obtains feedback from measurements (affected by Gaussian noise) [41].
The equations of a standard Kalman filter are:

;‘(r|:—1) = F:i[;—]|:—1} + B,

P(r|:—1) = F:P[;—]|:—1} +Qq

o)) = Xfe-1) + Ko [)'r - Hr*(_rk—l}) an
K, = P[r|.r—1}HE. l'l.rl;'[;|r—l)l'l;r +R;
Plfr) = Plf-1) ~ Ko Hi Py y)

where X 1s the estimated state, F is the state transition matrix, B is the control matrix, u 1s the control
vector, P is the state variance matrix, Q is the process variance matrix. y is the measurement vector, H
is the measurement matrix, K is the Kalman gain and R is the measurement variance matrix.

The Kalman filter was initially intended for the use in linear systems. For non-linear systems, such
as those used for the battery SoH estimation, modified versions of the Kalman filter are proposed in the
literature.

The extended Kalman filter is used for predicting states of a nonlinear process, where the transition
and the measurement equations are nonlinear. but need to be differentiable. For battery SoH estimation.
the dual extended Kalman filter involves two Kalman filters, one filter is used to predict the SoC and
the other one to predict the battery capacity. The unscented Kalman filter, also known as the sigma
point Kalman filter (SPKF), eliminates some of the disadvantages of the extended Kalman filter and
improves the estimation. In this case, the probability distribution functions will be estimated by a
number of sigma points, which represent a subset of weighted points computed in such way they are
close to the mean value. The nonlinear transformation of these points will generate the mean covariance
estimate.
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SOH estimation
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Fig. 6. Modified versions of the Kalman filter, used in nonlinear systems

In [42] and [43]. the authors use a second order Randles electrical battery model to obtain the state
equations of the extended Kalman filter. If in the first case, the SoH is computed based on the SoC; in
the second case, the SoH is computed based on the internal battery impedance. The model equations
are:

At
SoC, | |1 0 0 SoC,_y ) | Char
Mg |=|0 1-— 0 Viga |+ =
- R’ G . G
Vax 0 0 . Ar‘ Va1 ﬂ (18)
RyCy [&
Viark = Voo SoC )4+ Vy g +Va 4 + Rylpe
and, respectively,
=
= R,[l—e‘?"']
N
A 0 0\
I/l.»\’:+| ¢ i ;l& —_7'
Viguw |=| 0O o) v, |+ Rz[l_‘?“‘] L (19)
Rua) | 0 0 1R, .
(}im.x _Vn[.‘.i) :(1 1 01‘*‘&’0.& Ly

where SoCj is the state of charge at time instance k, Ry, Ry, Rs, C), and C; are the parameters of the
second order Randles which model the battery impedance, Vix and Vi are the voltage components
measured for the Randles model at instance &, Fac is the battery open circuit voltage, [y the battery
current, Ve is the voltage at the battery terminals, Veeis is the battery terminal voltage at cell level, and
x= (Vi Vai Ro k)" is the state space variable.

In both cases. the reported estimation error has been lower than 4%.

In [44]. the extended Kalman filter is used to model Li-lon battery parameters. such as the output
voltage, open circuit voltage and the state of charge. The authors focus on car batteries used in car
competitions. The experimental data shows a SoH estimation error below 1%.

The dual extended Kalman filter is presented in [45], [46]. Two Kalman filter are used: one to
estimate the SoC and the other to estimate the battery parameters, such as the capacity. Fig. 7 shows the
block diagram of the proposed dual extended Kalman filter. The filter is based on the first order Randles
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electrical model. The authors claim that increasing the order of the electrical model makes the
estimation hard to implement because of the complexity of operation in real-time applications. In the
first paper, the authors use the dual filter in combination with pattern matching resulting in a estimation
error of £5%. The estimation results of the algorithm proposed in the second paper are below 2%.

T i bt e, e . A
fk-] 22k :

Time Update 1=~ """"""°"7 ™| Measurement |1~ At

EKF, Update EKF, Xk

8, X | =t Vi

Time Update —*| Measurement é+

. - EKFeg | __________ »| Update EKF L k
9+ 1y I
N D P L S

Fig. 7. Architecture of the dual extended Kalman filter [45], [46]

An unscented Kalman filter (UKF) is proposed in [47] and [48], for the estimation of the SoH. A
second order Randles model is used as input for the filter equations. The unscented Kalman filter was
introduced to address some of the issues of the EKF [49]. Such an issue consists in a high probability of
the filter to diverge if the initial state is not specified correctly, resulting in an erroneous model of the
process. Another problem is that the approximations of the posterior mean and covariance matrix can
introduce large errors and lead to sub-optimal performance.

In [47]. the authors compare the performance of the SoH estimation using an unscented Kalman
filter with the performance of the coulomb counting method. The UKF adapts perfectly to the
nonlinearities of the battery cell characteristics. It overcomes the coulomb counting accumulation errors
and the estimated values of the SoC converge approximately to the real value. The estimation error is
between 2.2% and 2.9%, depending on the battery cell used.

In [48], the UKF was used in addition with the support vector regression (SVR) algorithm. The
purpose of SVR is to determine an initial capacity value used as input for the UKF filter. This initial
value is estimated offline, based on ageing curves. The performance of the algorithms shows an
estimation error below 1%.

In [50], the UKF is applied to an electrochemical battery degradation model. The authors monitor
the battery voltage response to pulse load cycles and battery internal resistance. The proposed model is
adaptive with a measured time of 40 minutes until the output values converge to the real parameter
measurements.

The authors of [51] propose an SoH estimation technique based on a fused algorithm between EKF
and quadratic discriminant analysis. The EKF state equations are developed based on the first order
Randles electrical model. The estimated battery parameters obtained by applying the EKF, are further
used as classification features in the quadratic analysis method. The method was applied considering
three classification classes for the batteries: unused, lightly used and heavily used. The classification
error 1s max. 8.3%.

In [52], the SoH estimation is performed via EKF and a per unit system. Similarly as in [51], the
EKF equations are developed using the electrical model of Randles. Three main battery parameters are
monitored: Ri, Raf, Caity — where R; is the internal battery resistance, Ry is the battery diffusion
resistance and Cyyis the battery diffusion capacitance. All these parameters are derived from the current
and voltage measurements. The proposed online method for the SoH estimation is validated using
extensive offline measurements of the battery parameters and aging curves. The performance of the
algorithm is =5% compared to the values obtained by ampere-hour counting.

In [53] the authors use a central difference Kalman filter (CDKF) to better estimate the
nonlinearities present in the SoH estimation. This is a form of SPKF adapted to practical
implementations and therefore has a much lower parameter count.

3.5. Support Vector Machine — Relevance Vector Machine
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The support vector machine (SVM) algorithms have become a very popular estimation approach,
being introduced in many fields of application and supported by a large community. For battery SoH
estimation, the non-linear variant of SVM was adopted by many researchers in this field.

The basic idea of the SWM algorithm is presented in detail in [48] and [54]. Having a set of
training data, {{x1, 1), (x2, 2), ..., (xn, ¥u)} = R" x R - where R" is the space of the input data x; and the
target data is y;, the goal is to find a function f{x) which deviates at most with ¢ from the targets, for all
the training data and which is also as flat as possible. The function has the following form:

Fl)={wx)+b (20

withw e R", b € R and (-, -) denotes the dot product in R". There are situations when such a function
does not exist. To overcome this issue, a pair of slack variables, & and £, are introduced. thus allowing a
pre-defined interval for the measurement errors. In this case, the problem reduces itself to a dual
optimization problem.

The dual optimization problem is solved using quadratic programming techniques, which involve a
nonlinear mapping to transform the original input (x) to a higher dimensional input feature space. In this
case the function becomes:

f(x)=i(a£— - JK(xlk) x)+ @n
k=1

where aj ,a, are the dual variables obtained by applying the Lagrangian with respect to the primal
variables (w, b, £, &), and K is the kernel function (mapping function) with the following form:

(xlk) x(m)) = (@ (clk ) D(x(m))) (22)
where @ represents the nonlinear transformation.
The relevance vector machine algorithm (RVM), [55]. [56]. represents the Bayesian form of the
SVM and differs from it by providing a probabilistic interpretation of the outputs. The prediction of the
output takes the following form:

t= _u(x)+ £, (23)
where ¢ is the predicted target, y(x) is function which translates the input data into the target data as
defined in the SVM algorithm, and &, samples the process noise.

After expressing a maximum likelihood function and applying the Bayes rule, the following
posterior distribution results:

N p!wo’zpw(x}

p(w{!,a,t‘:‘): (. ol (24)

plja,o?

where w is a weight vector, & 1s a hyperparameter vector used to control the deviation of the weights, o
is the variance, and p is the posterior distribution function.

New data predictions are obtained using the integration of the weights and computing the marginal
likelihood of the hyper parameters:

Pl )= [ plew.c? Jpluder ke

, -2 1 - (25)
=(22)" B + @A @ xexr{—arr(ﬁ" + DA D) 'r)
where A = diag(ai. ..., ax+1), and B= 6L, and @ the design matrix of kernel functions, obtained from
a set of training data.
These two estimation methods, synthesized in (21) and (25) above. can be applied on sets of training
data, in which the data represent battery parameters such as the battery capacity.
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The support vector machine algorithms are presented in [48], [54]-[60]. As a general characteristic,
the algorithms run on high amount of training data gathered offline by cycling the batteries. The online
variant of the algorithms are computationally intensive and are presented as Matlab simulations.

In [48], the data used for vector construction is taken from long term battery ageing tests. The SVM
algorithm is compared with the UKF. providing almost the same prediction errors. When the initial
capacity of the battery is known, the prediction error is 1%. Without having information about the initial
capacity, the prediction error increases to 20%.

The authors of [57] apply the SVM technique to battery data gathered from impedance spectroscopy
tests. The EIS method is based on the Randles electrical circuit. The model estimates the capacity
fading and the internal resistance of the battery, which are input for the SoH and RUL calculations. The
SVM has better performance than the hidden Markov model method, with an estimation error of 2%.

In [58], the SVM algorithms are applied to battery data provided by the NASA. Two variants of the
algorithms are presented: online and combined (online + offline). In the case of the online SVM. the
vectors are dynamically updated. The mean absolute estimation error of the SoH is 0.02 in the case of
the combined algorithm and 0.03 in the case of the online variant.

SVM applied to data obtained from automated stress tests of hybrid vehicle batteries, is discussed in
[59]. The support vectors are correlated with the battery load to improve the performance of the
algorithms. The mean square error obtained is 0.0006, when no load collectors are used, 0.00058 for 1
load collector configuration and 0.0004, when 3 load collectors are used.

Application of the SVM for curve fitting of the battery capacity, based on incremental capacity
analysis, 1s presented in [60]. The authors show how to apply the support vector regression on lithium
polymer battery data. They propose an online solution in which the support vector machines are
updated based on the current battery data and on the offline data (used in the initial stages of
estimation). The prediction accuracy of the algorithm is 1% (absolute error).

In [55] and [56], the implementation of Relevance Vector Machine is presented. In the first paper,
RVM is applied to sample entropy and impedance spectroscopy data provided by NASA for Li-Ion
batteries during charge and discharge cycles. The authors focus on a comparison with the SVM
algorithm. The estimation errors are smaller for the RVM method, i.e. below 0.6% (RMSE). The second
paper discusses the capacity degradation data of lithium-ion battery used in electric vehicles. Both
offline and online RVM algorithms are covered. Here, the authors emphasize on applying the RVM
method for the RUL estimation. The estimation error is given in number of battery cycles. The absolute
prediction error is below 9 cycles.

3.6. Particle Filtering Method

The method is best suited for nonlinear systems which are based on a battery model with unknown
parameters, or the values of the parameters change with time. The output of the method is an estimation
of the probability density function (PDF) based on a set of points (particles), which are values sampled
form the state space.

One of the most frequently used algorithm for implementing particle filters is the sampling
importance resampling (SIR) [61]. It effectively approximates the resulting probability distribution
with a set of weighted particles, while the importance weights of these particles can be approximated as
their relative probabilities. The importance weights are relative, so the sum of the weights for a
probability distribution is always 1.

In [61], the authors employ a simple electrochemical model of a Li-lon battery cell, for which they
identify the parameters using an RVM regression method. The values obtained from the RVM
regression are used as the initial values to the particle filtering algorithm. Afterwards. the particles are
recalculated, with each measurement iteration.

Fig. 8 shows a plot of 2 typical particle filtering prediction results, the RUL probability density
functions. In can be seen that one of the advantages of using the PF method is that it generates a
probability distribution spread out over time, rather than just a single date or point of failure. This
clearly conveys the inherent uncertainties in the model and measurements.
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Particle Filter Prediction
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Fig. 8. Particle filtering prediction results [61]

The basic particle filter method described above is employed in [62] for estimating the SoC and SoH
of Lithium Iron Phosphate (LiFePO4) batteries. The authors use a purely data driven approach, without
an explicit battery model, and the only inputs taken into account are the OCV and the current. The
resampling step of the PF algorithm is called "low variance resampling"”, which is a simplified version
of the SIR method described above. In essence, when the new set of samples is generated, the old
samples with high weights are multiplied, while old samples with low weights are discarded.

The authors validate their algorithm using two battery usage profiles: a photovoltaic off-grid power
supply and an electric vehicle driving cycle. The results obtained are not discussed in detail, but the
absolute mean error generally falls below 2%. However, the SoH estimation is not described
conclusively, because only 5-6 incomplete battery cycles are analyzed.

The particle filtering method is proved to be more accurate than the statistics based regression and
probabilistic regression methods in [63], by comparing the prediction accuracy and the width of the
PDF. Moreover, it is shown that the PF method provides early predictions, as opposed to the other
compared methods, which can be used to prevent failures.

The same authors present in [64] an improvement over the classical PF method. They observe that
when the state space of the model has large vectors, the resampling process of the PF method cannot
acceptably reduce the variance of particle errors. They thus propose to substitute a part of the state
space by one analytically computed from another part, naming the new approach the Rao-
Blackwellized particle filter (RBPF). By comparing the variances in errors of the PF and RBPF
methods, it is shown that the RBPF error variance is much lower than the PF and consequently the PDF
is much narrower, yielding an improvement in prediction accuracy.

In [65], the authors propose using two analytical models as inputs for the PF method. More
specifically, they employ the PF for estimating the parameters of a polynomial model and an
exponential model. The classical PF algorithm of SIR is used and the authors claim that it can be
applied online in a BMS. An improvement of this paper is presented by the same authors in [66].
although the same PF algorithm is used. A new battery capacity model is introduced. which the authors
call an "ensemble model". 1t is a fusion of the previous two models and presents a better prediction
accuracy than the individual models on which it is based.

The particle filtering method can also be used as an auxiliary mechanism in the prediction of the
RUL, as demonstrated in [67]. In this paper, the authors employ a complex data-driven estimation
method, based on the Verhulst model. The particle swarm optimization method is used to improve the
model fitting accuracy. The PF is used only to compensate the prediction error by adjusting the
parameters of the Verhulst model.

A novel approach to the SoH prediction is introduced in [68] and [69]. The authors employ an
empirical mathematical battery model with 2 exponential terms, which is suitable also for on board
implementations. They propose the Bayesian Monte Carlo (BMC) method which is similar to particle
filtering. In this regard, its output is the probability distribution function, which is also represented by a
sum of samples with associated weights:
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N _
PLX| 00 )= Zw&é(xk - X} ] (26)

i=1

where Xi is a set of independent samples from P, which can be selected in practice by using

importance sampling; @), is the importance weight of each sample; &-) is the Dirac (delta) function.
The resampling and the weight recalculation methods are different from the classical particle filtering
technique.

The proposed SoH prediction method uses the Dempster—Shafer theory (DST). which is a data
fusion method, to estimate the initial battery model parameters from the training data (the first n battery
cycles). BMC is then used to update the model parameters at each cycle, thus updating the SoC and
RUL estimations.

A comparison of the proposed method with the EKF method is performed in [68] for one battery
type and the results show that this approach yields an estimation error of 1.1%, while the EKF method
yields an error of 8.6%. In [69], the authors compare the prediction errors using the same BMC method,
but with 2 different calculation methods of the model parameters. The first method is DST and the
second one uses mean averaging to calculate the initial model parameters. It is shown that the DST
method is better than the mean averaging method, as the prediction errors at 18 cycles are 2.1 % and
8.3% respectively.

The unscented particle filtering (UPF) method, using the same empirical mathematical model and
the same battery data as [68] and [69]. is proposed in [70] for estimating the RUL of Li-lon batteries.
The shortcomings of using the classical PF method (i.e. particle degeneration) are described, along with
a theoretical presentation of PF, Kalman filter and UPF. The core idea of the UPF is to use the
unscented Kalman filter to generate the proposal distribution of the particles, then to follow the normal
PF resampling and weight calculation algorithm. The authors perform a series of tests at different SoH
points and conclude that the proposed method yields an absolute error of less than 5%, while applying
the standard PF method leads to an error of 7%.

In [71], the authors propose what they call a mutated particle filter (MPF) method for estimating the
SoH and RUL. The new method is designed to tackle the shortcomings of the classical, Rao-
Blackwellized and unscented particle filtering methods. Among the most important limitations of the
afore-mentioned methods are the sample impoverishment and the failure to accurately capture the
probability density function.

The proposed method transforms the weights of the outlying particles (i.e. the ones which have
either very high or very low weights) so as to represent more accurately the posterior part of the
probability density function. The process is presented in Fig. 9. where (a) represents the posterior
distribution with the original particle weights and (b) depicts the same distribution after applying the
MPF method.
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Fig. 9. MPF transformation of the system posterior PDF [71]
Using an electrochemical lumped-parameter model of a Li-lon cell, the authors evaluate the

performance of their proposed method against the classical particle filter and the regularized auxiliary
particle filter (RAPF) methods. The reported results indicate that the MPF method achieves a mean
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RMSE which is 20% lower and an average standard deviation which is 52% lower than that of the
classical particle filter method.

In [72], the authors present an implementation of the particle filter method on an embedded platform
which can be applied only by using the mean-shift and RSR (residual systematic resampling) to
simplify particle filtering operations. A complete RUL estimation and failure detection framework
based on particle filters is described in [74]. The framework validation is done using Matlab. In [75],
the RUL estimation is determined using the battery capacity. The capacity fade is modeled using a
function based on a sum of exponentials. Then, the particle filtering method is applied to this model.

The authors of [70] use particle filter to estimate both SOC and SOH. The battery is modeled using
simple electrical model where open circuit voltage and internal resistance are two of the model
parameters. Monitoring SOC and SOH gives a better insight of battery degradation at each cycle.

3.7. Fuzzy Logic Method

Fuzzy logic 1s a mathematical concept which practically generalizes boolean logic and sets. The core
idea is that it allows the members of fuzzy sets to have degrees of membership to that set. A
membership function is applied to each member x of a set 4 and its output is a number in the [0, 1]
interval, which represents the degree to which x belongs in the fuzzy set 4. Fuzzy logic uses the boolean
operators AND, OR and NOT, but it extends their definitions, as presented in Table 4.

Table 4. Definition of fuzzy logic operators

Operation Result
rAND y mingx, y)
xORy max(x, y)
NOT x l-x

Fuzzy logic can easily be applied to the battery SoH estimation if we define several output
membership functions for the SoH, such as healthy. acceptable and not healthy. However, papers
describing the application of the fuzzy logic method to battery SoH estimation have not been
encountered in the art until recently.

One of the first papers in which fuzzy logic is used as a viable SoH estimation method is [76]. It
proposes a model based approach, utilizing an electrochemical model to extract EIS data and claims
that the proposed method can be used for both primary and secondary batteries. The estimation is done
for the SoC, SoH and SOL, and is performed using three methods: ARMA (autoregressive moving-
average), neural network and fuzzy logic. These methods are compared using the average estimation
error and they are also fed into a final decision block, which performs a fusion of the outputs of the
three methods and, together with the historical knowledge of the system, outputs the estimation. No
detailed description of the fuzzy logic estimator is given, except that it uses 4 of the input signals, much
less than the neural network estimator. The fuzzy logic estimator showed good performance and the
results obtained are comparable to the ones obtained using the neural network.

In [77], the authors perform an extended life cycle test on 95 Li-Co batteries, by charging them at a
constant 0.5 C current and discharging them at different currents. They employ fuzzy identification
based only on measured data to perform SoH estimation. For this, the authors have used 3 measurable
quantities to form the fuzzy sets and the membership functions are of normal distribution type. The
reported average error ranges from 1.4% to 9.2%, which proves that the proposed method is suitable for
the SoH prediction.

SoH estimation using fuzzy identification is also employed in [78], but using the DC resistance as
the measured quantity. It is measured during the charging phase and the authors show that there exists
an almost linear relationship between the capacity and the DC resistance. After having calculated the
average and normalized DC resistance, 4 membership functions are used to delimit the input range. The
output membership functions are actually 4 thresholds of the health condition: healthy. acceptable,
weak and bad. The actual calculation of the estimated capacity is done using the defuzzifying formula

4
Ny ren
Cy= ZJ—I i 2n

]
Z,-=1 Hi
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where Cy is the estimated actual capacity, g is the firing strength of the i-th rule and (; is the firing
strength of the output rule. The authors calculate the actual capacity of several batteries having the SoH
in the range of 100% to 20% using the proposed fuzzy logic method. They show that the estimation
error is less than 5% with the SoH ranging from healthy to weak, which makes the proposed method
better when comparing it to the regression curve method. which is reported to yield estimation errors of
around 10%.
A double exponential function. used to model the degradation curve of the battery capacity, is

presented in [79]:

X o

z)

Vg =ay +a,e{ Yo taae

{z[

2 ) (28)

The fit function parameters are estimated using fuzzy logic method, the authors reporting a SoH
estimation error between 5% and 10%. To decrease this error, neural network estimation is proposed,
with the result of reducing the estimation error below 5%. On the other hand, the drawback is that
training offline data is needed.

3.8. Other SoH/RUL Estimation Methods

A novel approach for estimating SOH and RUL, proven suitable for online implementation on
resourced constrained embedded platforms is described [13]. The SOH is estimated based on SOC
calculation and a simple least squares regression algorithm is used for prognostics.

In [80] the authors use a novel approach to measure the SoH of SLA (sealed lead acid) batteries.
They use magnetic field to determine if a battery is degraded or healthy. Two coils are used, one to
generate the magnetic field and the second coil to measure the magnetic field changes due to the proton
concentration in the battery. Instead of giving some SoH measurement error, the article is focused on
the determination of the voltage on the second coil and its relation to the SoH when the battery is
healthy and to the SoH when the battery is damaged. The authors do not provide analysis on how this
method can be influenced by external magnetic fields, nor do they provide a shielding solution.

A least square method fused with sample entropy is presented in [81]. The authors use sample
entropy to model the Li-Ion battery capacity, based on intensive offline tests and a third degree
polynomial function to link the capacity with the corresponding sample entropy value at each
temperature.

The approximation entropy method is described in [82]. This method is an extension of the sample
entropy technique used to estimate the SoH for lead-acid batteries and has a better estimation
performance. The method consist of computing an ApEn(m, r, N) function for a data sequence
x(i) = x(1), x(2), x(3), ..., x(N). with N representing the total number of data points, m the length of the
subset of data points for which the algorithm runs, » represents the tolerance window, which usually 1s
considered 0.25D, and 5D represents the standard deviation of the data sequence, defined as

. 1 N . 1 N ) 2
SD = ﬁg{x(a)—ﬁz_\r(:)} (29)

i=1
The ApEn function is computed as follows:

ApEn(m,r, N)=¢" ()~ ¢" ' (+)

POl e

N=m+1= | N=m+1

V™(i)= Noof d[x (). X(j)]<s

and d is the distance between the following vectors (the maximum absolute difference between the
scalar components of the vectors):
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The author in [83] uses an unobserved model to estimate both the SoC and SoH of a Li-lon battery.
The resulting set of equations is obtained from a complex electrical battery model which uses two RC
groups in series. Additionally, a separate electrical model is employed for the battery self-discharge.
The SoH estimator has the following form:

§=A4¢+Bls+ DilVsoc.Ip) (30)
where A, B and D are state and output matrixes, £ is the state vector, and ¢ denotes the nonlinearities
of the estimation. Based on this state equation the authors compute the internal resistance Rp of the

battery and use the following equation to compute the SoH:

Ry gor =Ry
Ry por — Ro new

SOH = = 100 (31)

In which the Ry is the current battery internal resistance, Ry gor is the internal battery resistance when
end of life is reached, and Roxew 1s the battery internal resistance when the battery is new. The end of
life internal resistance value is considered 160% of the resistance value when the battery is new.

In [84], the problem of SoH estimation is addressed based on probability density function in
conjunction with the ICA (incremental capacity analysis). The authors focus on different Li-Ion
batteries which have different CV (cyclic voltammogram) curves and where the curve fitting is not
accurate because of the measurement noise of voltage/current. Using probability density function plots,
the SoH evolution can be monitored with high accuracy. To compute the PDF, the authors use the
following series:

(32)

Vg =Vo+k-0V, k=01,2,...
Qi.n =0y 4+n-dQ=n-It, n=0,12,...

where Fap is the sampled digital output voltage of the battery. o is the naming convention for digital. &
represents the sample index, and (us is the integrated discrete capacity of the battery which corresponds
to Fik These series of values are computed offline by performing multiple charge/discharge cycles.

An adaptation with two PDF functions is described in [85], in the context of adaptive Gaussian
mixture model (AGMM). One PDF function is used for historical dataset characterization and the other
one is used for current dataset characterization. The algorithm is applied to the capacity parameter of
the battery.

The authors in [86] propose the Gaussian process functional regression for SoH prognostics. They
monitor the battery capacity parameter in order to determine the SoH evolution. The Gauss process is
defined as a finite set of random variables {f{xi)|x; € X}. where x is the input space (the
charge/discharge cycles), and a mean and covariance function:

m(x)=E(f(x))

Kaixj)= £y )- by )- (1)l )

The covariance function is composed of a functional part and a model noise part, which is considered
Gaussian white noise. The flexibility can be increased by introducing additional parameters, when using
linear mean function and quadratic polynomial functions as the mean functions. In this case, the
estimation errors are reduced significantly. The algorithm needs a high number of training data sets for
increased performance; the authors use a minimum of 100 cycles.

A Wiener Process with Measurement Error for RUL estimation is proposed in [87]. The RUL
degradation model is represented by the following equation:

¥(t)= x(t)+ £ = At + opBli)+ & (33)
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where ¥{(f) is the degradation process, with the measurement error being taken into consideration, X{f)
represents the degradation model without measurement error, ¢ is the measurement error, 4 is the drift
parameter, ag 15 the diffusion parameter, B(f) is the standard Brownian motion. The algorithm uses
offline parameter estimation combined with an online parameter update process (see Fig. 10). The
online parameter update is improved by using a heuristic framework for updating the parameters. The
authors apply this degradation model to the battery capacity parameter and consider that a battery has
reached the end of life when the capacity has faded beyond 20%-30% of the nominal capacity.

Population degradation Determine iteration
modeling interval length L,
Calculate the priori Determine iteration
information times |
| Update the |
parameters

I

Predict the RUL

Fig. 10. RUL estimation algorithm proposed in [87]
In [88], the authors propose a data driven method based on autoregressive model (AR) fused with

particle swarm optimization (PS0O). The AR model is optimized by using the PSO algorithm, defined
by the following equations:

1;!-i o v,-k +ey (pbﬂﬂ,— - x,—k J+ ca (gbesrk - x,-'t)

Aok gk

(34)

where the first equation represents the velocity update, v/ is the new velocity of particle i, w the
inertia weight coefficient, vitis the old velocity of particle i, ¢ and ¢; represent the acceleration
constants, d is the tuning parameter (having the value of 1 in almost all cases), x is the place of particle
i at iteration k, x/*'is the place of particle i at iteration k+1, pbest; is the best place particle i can have as
individual, and ghest is the best place of the whole group in the solution space. The PSO is used to
determine the AR model order at each step k. To achieve accurate results a limited number of training
data is needed.

In [89] a neural network is used to model the battery electrochemical properties, having the

following activation functions for the neurons in a Gaussian form:

2
-w Li=l.M (35)

o) =Gl ~1))=exp

i

where ri = [Vi It SoCi]" represents the input vector of the neural network at sampling time k, £ and &
are the center and, respectively, the standard deviation for the Gaussian function, M is the number of the
neurons in the hidden layer. The neural network outputs the terminal voltage of the time instance
(k+1). The SoH is determined based on the voltage - capacity slopes, using an additional fuzzy system.
Offline battery cycles are required to train the neural network in order to obtain good estimations.

A structured neural network [43] is used to model nonlinearities of SoH estimation using the battery
impedance parameter. The neural network is structured in three main subnetworks: one which uses the
SoC, current and temperature measurements to estimate battery voltage and two subnetworks to
estimate the R-C parameters of the second order Randles electrical battery model. The probabilistic
neural network is used in [90]. This type of neural network has the advantage of increased leaming
speed and the training data can be supplied directly without iterations.
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In [91] and [92]. other Bayesian approaches to RUL estimation are presented. The degradation
models use capacity curve predictions in a probabilistic way. The estimation is done online, based on
offline data, which increases the estimation performance.

4. Evaluation and Discussion of the SoH/RUL Estimation Methods

4.1. Evaluation Criteria

In the previous sections we have seen that there are many SoH/RUL estimation methods in the art,
each of them targeting specific applications and providing more or less information about their
performance. In this section we will perform a structured analysis of all the estimation methods that
have been presented up to this point.

We thus propose the following six criteria to present a qualitative and quantitative evaluation of the
above-mentioned SoH/RUL estimation methods:

o Battery chemistry: the chemical structure of the battery cell anode/cathode/electrolyte for which the
method is applicable. Although the majority of the presented papers target Li-Ion cells with many
different anode and cathode chemistries, some of them can also be applied to NIMH or NiCd, while
others can be applied to all secondary battery chemistries.

o Computational complexity: how suitable is the proposed algorithm to be implemented in a BMS
running on an embedded system. The suitability of implementation is inversely proportional to the
complexity of the mathematical transformations of the method.

® Data processing mode: denotes when the acquired battery parameters are being processed. Offline
processing means that the method is applied retroactively, on data which has been previously
acquired, while online processing means that the method is applied in real time, as soon as the data
is being acquired. There exists also a combination of the two techniques, whereby some battery
parameters are processed offline and the others online.

s FEstimation result: whether the proposed method can be used for estimating only SoH, only RUL or
both quantities.

® Processing time (if available): The time required for the method to produce the first estimation, from
the moment it has sufficient data. Can also represent the average time needed per estimation result,
if the estimation is periodically calculated. It is directly dependent on the hardware on which the
method is implemented and executed.

o Estimation precision: The degree to which the result obtained by applying the method is closer to the
actual result. Different metrics are used in the art for expressing the estimation error or precision,
such as the absolute error, absolute mean error or RMSE.

4.2, Evaluation of Estimation Methods

The Coulomb counting method is one of the most common methods for the SoH estimation.

It can be applied to all battery chemistries, although the works [37] and [38], referenced in Section
3.1, are focused on Li-lon and Li-Polymer. The integration of the battery current over time has a low
computational complexity, common operations being the addition and the multiplication.

As a result, this method is suited for online implementation, even on low power or resource-
constrained microcontrollers. The processing times depend on the operation frequency of the
microcontroller as well as on the available computation units (arithmetic/logic units).

Being a lightweight method. the complexity is moved towards the hardware platform, which is
focused on the current measurement. This hardware complexity introduces the need for calibration after
several battery charge/discharge cycles.

From the estimation point of view, the method shows a strong dependency between the estimation
error and the battery cycle used for this estimation. The estimation performance is relatively low, i.e.
below 10%. To increase this estimation performance, the coulomb counting method is used in
conjunction with other methods such as the Kalman filtering. In this case the estimation error can be
improved to 3%, at the expense of a longer processing time (e.g. 2000 seconds for the first estimation,
as reported in [38]).

The OCV based methods use the relationship between the OCV and the SoH to predict the actual
SoH of the battery.

These methods can be applied on a wide range of battery chemistries, but for each chemistry, there is
a different relation between the OCV and the SoH of the battery. This relationship varies also with the
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battery cycle. This problem is reduced to finding the relationship between the OCV and the SoH, which
can be applied in real-life conditions.

The computational complexity is given by the complexity of the function chosen to express this
relationship. A higher complexity gives a better estimation with the disadvantage of being hard to
implement on an embedded target with low processing power. For polynomial functions, the estimation
error varies between 5% and 12%. Using exponential terms for polynomial functions the estimation
error can be decreased to less than 1%.

Finding the relationship between the OCV and the SoH can be an extensive process which involves
performing offline battery charge/discharge cycles. Due to their nature, these techniques are more suited
for offline estimation, the online estimation being based on offline data (table lookups).

The Electrochemical Impedance Spectroscopy method is targeted specifically at battery cells
having Li-Ion based chemistries. The method is rarely used individually for determining the SoH: it is
rather used in combination with other methods.

The computational complexity is low when using the standalone method: however it increases when
the method is used in combination with a RNN [24]. Data processing is done exclusively offline,
because the hardware needed for impedance measurements is too complex to be found in an embedded
BMS implementation. Also, performing the measurements requires applying specific current patterns
on the barttery, which might not be possible during normal online operation.

By applying this method, both SoH and RUL can be obtained. No processing time information is
provided in the presented papers.

The reported precision is relatively low, with absolute estimation errors ranging from 2% to 10%.

The Particle Filtering method is a data driven technique, and as such it is suitable for all battery
chemistries. However, in this survey we analyze the method based on its applicability to various Li-Ion
based cell chemistries. The mathematical apparatus required for implementing this method uses
exponential functions, multiplication and vector/matrix transpositions, thus having a high
computational complexity.

Data processing is mostly performed online. In other papers the results are obtained by using a
combination of offline measurements and parameter identification, as well as online PF processing.

The method is usually employed for determining the RUL, but some papers report estimating the
SoH as well. Processing time information is scarce. with only one paper reporting it. The estimation
precision varies in the art. Some papers have achieved a very good precision, with results in the sub-1%
range. Others have presented 3% to 12% error ranges.

Fuzzy logic is a relatively new method to be utilized for SoH/RUL estimation. The method is very
versatile, as it has been reported to be used on Li-Ion, NIMH and NiCd cell chemistries. It presents a
relatively high computational complexity, because its implementation relies on multiplication, division
and exponential function terms.

Online data processing is an advantage of this method, although it can benefit from offline
parameter calculations as well.

All the papers which detail the application of this method focus on the SoH estimation. In general,
no processing time information is provided, with the exception of [77], which does present some
limited performance data. The estimation precision is average, with reported estimation errors in the
range of 1.4% to 10%.

Kalman filtering can be used on multiple cell battery for estimating the SoH. The nature of the
method implies a medium to high computational complexity because of the matrix operations combined
with exponential terms.

This is the reason why very limited implementations on embedded targets are present in the
literature; most of the implementations are related to Matlab simulations. The estimation error is lower
than the estimation error of the Coulomb counting and the OCV based techniques, being in most cases
below 3%.

In terms of data processing mode, there are both offline and online variants of the Kalman filtering
method.

Machine Learning methods (SVM-RVM) have a very low estimation error, with values lower
than or equal to 1%, in most cases. This precision is achieved due to high computational complexity:
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exponential functions, vector dot products, etc. This method is suited for the Li-lon battery chemistry,
but can also be adapted to other chemistries, depending on the battery model used.

This method can be used both online and offline. Due to its complexity, a very low number of
implementations are currently available.

The data driven approach based on least squares is suited for embedded platforms with scarce
resources. It can be used for the SOH estimation of all battery types. The algorithm complexity is low
because it involves only basic multiplications and additions. Another advantage is the low execution
time, of the order of hundreds of microseconds per battery cycle on a minimum 10 MHz core. Among
the drawbacks of the method is the high estimation error in the case of nonlinear slope of the SOH
degradation curve.

Magnetic field based method is a new approach to determine the SoH in a noninvasive way. It was
intended to be used for lead acid batteries. The main advantage of this kind of method is the
computational complexity with is limited to simple linear equations in which the magnetic field is
computed.

Sample entropy and approximate entropy methods are suited for all chemistries. They have a
good estimation precision, with an absolute error of about 2% and can be modified to run online, offline
or in a combination of the two. The main disadvantage is the high computational complexity needed to
run these methods; vector/matrix operations and exponential functions are needed for this type of
estimator.

The unobserved model is used to estimate the SoH of Li-lon batteries. This online method uses
offline data training to estimate system parameters. The absolute error of the estimation converges to
~0% after 4000 seconds of running the algorithm; in the first 681 seconds it is higher than 21.2% and
decreases gradually to 6.7% after 1000 sec. 3% after 2000 sec, and 0.6% after 3000 sec. The estimation
error converges to 0 with an acceptable rate.

From the computational complexity point of view, this method uses vector and matrix operations,
having parameters in exponential form. This gives a high computational complexity.

Probability density function (PDF) can be used to monitor the SoH on Li-Ion batteries. The
relation between the SoH and PDF curves are computed offline; in this case an online solution has to be
modeled in such way it will use the offline data. The advantage of using PDF to estimate the SoH is
given by the simpler way of using the PDF curves which are more accurate than using curve fitting
algorithms which need high accuracy measurements of current and voltage yielding to higher costs. The
estimation error of this method is below 2% with medium to high computational complexity: function
derivatives can be expressed by using subtraction of the function members. The offline characterization
of the batteries, based on extensive battery tests, can be mentioned as an important disadvantage of this
technique.

Gaussian process functional regression for SoH prognostics is one of the accurate estimation
methods for Li-lon batteries. The main advantage is the reduction of cost and complexity of the Particle
Filter method. by using a prediction approach. Estimation errors of less than 0.5% are obtained by using
medium to high computational complexity given by logarithmic, exponential functions and matrix
operations. The method can be fitted to an online and offline approach., extensive training data has to be
performed in order to obtain high precision estimations. The flexibility of the method permits
estimation of SoH in the presence of the regeneration phenomenon which is usually found in the case of
Li-lon batteries, while other estimation methods can be negatively affected by its presence.

Wiener process based method can be applied to predict the RUL of Li-lon Batteries. The
degradation model focuses on battery capacity parameter. A practical implementation was conducted on
NASA battery data and the mean square error (MSE) was used to determine the algorithm accuracy.
The MSE is high on first cycles when the initial parameter estimation has relative high errors, but it
decreases below 1 after 65th — 67th cycle, when the heuristic parameter update has high accuracy.

Despite a very good estimation accuracy, this method has a high computational complexity given by
the use of matrix and vector operations combined with logarithmic and exponential functions. Another
disadvantage represents the offline parameter computation which requires some training data.
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The AR with PSO method can achieve very good results for RUL estimation of Li-lon batteries. It
is applied to the capacity parameter of the battery. The estimation errors are less than 10 cycles when
the input dataset contains no more than 120 points and can reach 1-2 cycles for larger datasets, e.g. 190
data points. The advantage of using this method is its reduced computational complexity due to the
linear equations. It is known that using an autoregressive method implies heavy training data but the
combination with the PSO algorithm reduces the quantity of training data at minimum.

The algorithm has also a reduced processing time, e.g. ~2 seconds are needed for the estimation of
the RUL on an Intel processor with 3GHz.

SoH estimation using neural networks can be used for all types of battery chemistries. The method
is very accurate having a maximum estimation of 2% (using 100 training samples). The algorithm is
computationally intensive, using exponential functions, vector and matrix operations. The method
supports the online mode only, based on offline data.

The Bayesian approach used for estimating the RUL of Li-lon battery has very good estimation
results but the implementation is difficult due to its high computational complexity. Very good results
can be obtained using this method: the error can be reduced to 0.2% - 0.3% when offline data is used in
conjunction with online samples.

A detailed synopsis of the evaluation results for the state of the art battery SoH/RUL estimation
methods, according to the previously presented criteria, is provided in Table 5.

Table 5. Comparative evaluation of the SoH/RUL estimation methods

Method  Refs Battery Computational Data SoH/ P sing time E:
chemistry complexity processing RUL for first precision
mode estim. estimation
[37] Li-lon Linear functions and Online SoH NA ~ %% 1n 21th cycle;
operations ~ 1% after 8th cycle
[38]  LiFePO4  Linear functions and Online SoH  Inextension with Between +/-3%
operations Kalman filtering
(standalone method) process for
CWIO]_TJb ; experimental
Counting matrix operation data: 2000 sec
(multiplication,
transpose),
exponential
functions {moedified
wversion of method)
[17] Li-lon Linear operations: Offline and SoH NA < 5% in most of the
Matrix operation online cases when
(multiplication, temperature is taken
transpose) into account;
= 5% when the
initial SoC 1s
between 45% and
65%
o4 Li-lon Linear operations Online SoH  Implemented on  RMSE: 4% + 2074
Open circuit alow cost 16 bit  for the constant
voltage microcontroller;  current case;
(OCV) processor load:  for constant power:
60% 3%+ 12%
[12] Li-lon Linear operations, Online with SoH NA Estimation error:
exponential parameters < 1%
functions obtained
offline
[39] Li-Ton Polynomial Parameter SoH NA < 1%
functions with identification
exponential terms offline
[51] Apply toall; Matrix operation Offline SoH NA Max. 8.3%
demonstrated  (multiplication,
Kz]nm for NiMH  transpose), log
filtering function
[52] Li-lon Matrix operation Offline SoH N/A Estimation error in
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(multiplication, range of +-5%
transpose), square
root function

[47] Li-lon Matrix operation Onlinebased  SoH  N/A RMS ranges between
(multiplication, on offline 2 2% and 2.9%
transpose), data
polynomial
functions (3rd order)

[45] Li-Ton Matrix operation Omline SoH NA Estimation error in
(multiplication, range of +-5%
transpose)

[42] Li-lon Matrix operation Online SoH  Estimation based Parameter model
(multiplication, on data acquired  estimation error | %;
transpose), over 30 minutes  SoH estimation
exponential function interval ermor: < 4%

[48] Li-lon Matrix operation Online SoH N/A Estimation error:
(multiplication, < 1%
transpose),
exponential function

[43] Li-lon Matrix operation Offline SoH NA Estimation error:
(multiplication, <4%
transpose),
exponential function

[44] Li-Ton Matrix operation Online with SoH NA Estimation error:
(multiplication, parameters = 1%
transpose), obtained
exponential function offline

[46] Leadacid Matrix operation Online SoH N/A <2%
(multiplication,
transpose),
exponential function

[50] Li-lon Matrix operation Online SoH  Update of the 2%
(multiplication, model parameters
transpose), in order to have
Linear operations, an acceptable

estimation error
range, requires 40
minutes

[53] Li-Ton Matrix operation Online SoH N/A Mean error ranges
(multiplication, between —0.6 and 0.6
transpose), square
root function

[48] Applytoall; Exponential Offline SoH NA Estimation error:

demonstrated functions, = 1%
for NMC  vector dot product
(Nickel (multiply and
Manganese  accumulate)
Cobalt)

[571 Li-lon Exponential Offline SoHand Specified that the ~2%
functions, (can be RUL  algorithm is CPU
wvector dot product adapted intensive
(multiply and online)

. accumulate)
m‘“"‘ [55] Li Exponential Offline SoH N/A Missing data for first
{S\Mn-g functions, battery cycle;
RVM) vector dot product SVM RMSE
: (multiply and between 0.47 and
accumulate), 1.43;
matrix operations RVM RMSE
(transpose, between
multiplication) 59610 and 0.5
58 Li Exponential Online and RUL NA .
Bsl ﬁ.llfc?ions, combined Combmed_a.ppmach:
) - MAE 0.02;
vector dot product (online + . .
(multiply and offline) online approach:
; MAE 0.03
accumulate)
[59] Li-lon Exponential Online based SoH and N/A Conventional use:
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functions, on offline RUL MSE8-104;

wvector dot product data ILC: MSE 0.1-10%;
(multiply and 3LC: MSE 0.02-104
accumulate)

[56] Li-lon Exponential Onlinebased RUL NA Absolute prediction
functions, on offline error after 100
vector dot product data cycles: 4 cycles;
(multiply and absolute prediction
accumulate), error after 200
matrix operations cyeles: 2 cyeles
(transpose,
multiplication)

[60]  Li-Polymer Exponential Onlinebased  SoH  Specified Absolute prediction
functions, on offline maoderate ermor: 1%
vector dot product data computational
(multiply and load
accumulate)

Authors state as
[63]  Graphite  Exponential Offline RUL NA 9.1% at week 32 of
anode functions (RVM 64;
Lithium regression) 4.0% at week 48 of
Nickel Cobalt and online 64
oxide cathode (Particle
filtering)
[64] Graphite  Exponential Offline RUL NA 3.1% at testing week
anode functions, (RVM 48 of 64
Lithium  floating point regression)
Nickel Cobalt multiplication and online
oxide cathode (Particle
filtering)

[65] Li-Ion Exponential Online SoHand N/A Model A: 0.4% at
functions {moedel A), RUL cycle 550 of 780;
multiplications model B: 11.5% at
(model B) cycle 550 of TRO

[66] Li-Ion Exponential Online RUL NA For Cell #01: 12.1%
functions, at cycle 566 of 849;
multiplication for Cell #02: 1.5% at

cycle 428 of 643;
for Cell #V4: 0.1%
Particle at cycle 422 of 633
filterig  167]  Lidon  Exponential Online RUL NA For cell A4: 4.2% at
functions, division cycle 27 of 48;
for cell A2: 1.6% at
cycle 120 of 189
[68] Graphite  Exponential Can be SoHand 10 msonan Intel 2.1% at cycle I8 of
anode functions, floating processed RUL  Corei7 M60 267 48;
Lithium  point multiplication, online GB processor and  1.1% at cyele 250 of
Cobalt oxide vector transposition 4GB RAM 610
cathode (Matlab)

[69] Li-Ton Exponential Offlineand RUL NA 2.0% at cycle 18 of
functions, online 48,
multiplication

[62]  LiFePO4  Trigonometric Offline and SoH NA < 2.0%, but few
functions, online cycles are analyzed
floating point
multiplication

[73]  Graphite  Exponential Offlineand  RUL NA <5%

anode functions, floating online
Lithium  point multiplication,
Cobalt oxide vector transposition
cathode
[76]  Primary Li  N/A Offline and SoH N/A Between 2.0% and
Secondary online 7.9% for SoC;
. NiCd and N/A for SoH
Fuzzy logic NiMH
77 Graphite  Exponential Online SoH  15.6msonan Between 1.4% and
anode functions, unspecified 9.2%
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Lithium  multiplication, computer
Cobalt oxide  division
cathode
78] Li-Ion Multiplication, Online SoH N/A Max. 5%
division
[20] Li-lon *No algorithm for Offline SoHand N/A N/A
directly determining RUL
the SoH is presented
241 Graphite  Exponential Offline SoHand N/A Average 2.1%
anode function, RNN with RUL
Lithium 13 neurons
Cobalt
Manganese
lmpedance Nickel oxide
spectroscopy cathode
[40] Graphite  *No algorithm for Offline SoHand N/A Max 10 (for the
anode directly determining RUL predicted impedance
Lithium  the SoH is presented real part)
Cobalt
Manganese
Nickel oxide
cathode
Data driven NiMH Simple linear Online SoHand < 3550 ps at Estimation error:
least squares | [13] equations RUL  14MHzon ARM  +/- 35 cycles
. 7 embedded
gress| platform
SLA Simple linear Online SoH N/A N/A
. equations (gives only
M;f;f'c [80] correlation between
SoH and magnetic
field)
Least [81] Li-Ton Vector operations,  Online, based  SoH  N/A Average relative
squares logarithmic function  on offline ermor 2%
fused with data
Sample
Entropy
[82]  Lead Acid  Vector operation, Online, based  SoH  N/A N/A
Approx. matrix operation, on offline
entropy logarithmic data
functions
[83] Li-Ton Vector and matrix Online, based  SoH N/A Absolute error:
operations, on offline = 21.2% before 681
exponential function data SEC,
6.7% after 1000 sec,
U“;‘::;l“’d 3% after 2000 sec,
0.6 % after 3000 sec,
~ (% after 4000 sec,
but only a few cycles
are considered
[84]  LiMn:O;  Linear functions, Onlinebased ~ SoH N/A Estimation error
PDF LiFePQ:  Derivative on offline under 2%
functions, data
probabilities
[B6] Li-lon Matrix operation, Offline, can SoH  N/A MAPE: < 0.5%
function derivatives, be modified RMSE: |.5+6
GPR/GPFR. Logarithmic and to online,
exponential based on
expressions offline data
871 Li-lon Exponential and Online, based RUL N/A MSE:
- logarithmic on offline < | after cycle 67
gll)?:rs expressions, vector data
and matrix
operations
[88] Li-lon Linear expressions ~ Omline, with  RUL <2 seconds for  Estimation error of
AR with minimum first prediction,  remaining cycles:
P% training data ~2 seconds for < 30 eycles in first
prediction with 120 cycles,
190 samples as < 2 cycles when
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input, estimation is done
on an Intel Core  between 120 — 200
E5800, 3Ghz, cycles

2GB RAM
[89] VRLA Exponential Online SoH N/A Estimation error of
functions, matrix max. 2%
and vector
operations
[43] Li-lon Exponential Online, based  SoH N/A Estimation error:
Neural functions, matrix on offline =0.5%
network and vector data
operations
[90] Li-Ton Exponential Online, based  SoH = N/A Average error of
functions, matrix on offline 0.28% for a number
and vector data of 2000 training
operations samples
[e1] Li-lon Vector operations, Online RUL NA Estimation error
exponential below 2%
Bayesian functions
approach  [92] Li-Ton Vector operations, Omline RUL NA Estimation error
Exponential between 0.3% and
functions 10%

5. Commercial Solutions for the SoH Estimation

Battery powered devices experienced a tremendous growth in the past years which has determined the
boorn of a new semiconductor market niche: the battery fuel gauges. Some of the most prominent
semiconductor companies, which provide such integrated circuits/solutions, are Texas Instruments,
Maxim Integrated, Linear Technology, ST Microelectronics, HDM Systems.

A battery fuel gauge is an integrated circuit which has several features: measurement of battery
system parameters such as current, voltage and temperature, SoC determination, and SoH
determination. In most of the cases the battery fuel gauges need external circuitry in order to operate. A
block schematic of this circuitry is presented in Fig. 11.

Battery | | Battery
rotection charger
Pt P g
1
©
| SMBUS/
Battery | T Battery | ~ 50 %5
pack fuel ge
gauge £ &
)
=

: 1

Fig. 11. Battery fuel gauge circuit schematics

Besides the positive and negative terminals (P+ and P-), the battery can have a third terminal (T) if
temperature sensor resides inside the pack. An external thermistor can be externally applied, if no
internal sensor is presented.

A battery protection circuit is needed to safeguard the battery from overvoltage, overcurrent, or high
temperature condition. The protection circuit must decouple the battery pack from the rest of the system
in case of an unwanted event is present.

The battery charger is used to provide the charge voltage when the battery pack is in charge mode
and system voltage if the battery pack is in discharge mode. It has to be chosen based on the electrical
characteristics of the battery pack and the system components.
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The battery fuel gauge is the most important component. Based on the battery state, it controls the
battery charger and informs periodically the microcontroller system about the battery state via specific
interface (usually SMBUS or 12C).

The microcontroller system stores all the information from the battery fuel gauge and controls its
mode of operation. It can control all the fuel gauge configuration registers available.

| Products like the ST Microelectronics STC3105 [93], or Linear Technology LTC2941 [94] do not
expose information related to SoH/RUL of the battery. They only provide information about battery
SoC and in this case the user can build up its own SoH estimation algorithm using all the battery
parameters which are provided by the circuit. The user can configure the fuel gauge parameters such as
charge/discharge thresholds, battery charge termination, battery alerts.

| Texas Instruments bg27531 [95] is a fuel gauge designed for Li-lon batteries which uses Texas
Instruments Impedance Track technology for battery management [96]. It implements an electrical
battery model which monitors the OCV of the battery. The user is able to configure the gauge
parameters based on the technical specification from the battery manufacturer: input voltage, input
current. designed capacity, battery limits, charge termination timer intervals, thermal compensation,
charging voltage, which can be set as a function of temperature (5 points can be stored in the non-
volatile memory), and charging profile for different charging rates (5 steps).

This fuel gauge provides information about the SoH of the battery. The "StateOfHealth" register is
available and the data is expressed in percentage (0 — 100%). The manufacturer gives little information
about how the value in the register is computed. The value is based on the ratio between the "Full
Charge" capacity and the "Designed" capacity. The "Full Charge" capacity used in the calculation is an
estimation of the full charge capacity at 25° Celsius and the full charge capacity corresponding to the
current SoH at the "Loadl" register. The manufacturer claims an estimation error of 1% in most of the
operating conditions. To achieve this, the user should know how to configure the chip. The user should
also know the battery parameters from the battery manufacturer. Older versions of Texas Instruments bq
product use coulomb counting for the SoC determination, thus supporting a wide range of battery
chemistries: NiMH, Lead-Acid, Li-lon.

Similarly to the previous product, the Maxim Integrated MAX 17047 [97] computes the SoH based
on SoC. The SoC determination algorithm is a mix between coulomb counting and OCV. The OCV is
used to reduce the errors introduced by the need of coulomb counting calibration. The SoH value is
given by the "Age" register which is the ratio between the "FullCAP" register and "DesignCap" register.
Here, the "FullCAP" register stores the actual value of the charging capacity sampled at the moment of
charge termination. The estimation error is under 2%.

The HDM Systems BFG-24-S fuel gauge [98] is designed for Lead-Acid battery chemistry. The
SoH is computed based on the ratio between the total AHr for a fully charged battery and the designed
capacity (given by the battery manufacturer). The full charge capacity is computed based on coulomb
counting method. The estimation error is 5%.

Table 6. Comparison of commercial solutions for battery fuel gauge and SoH estimation

Product Refs Battery chemistry Computational Data SoH/ RUL Processing Estimation
complexity processing  estimation  time for first precision
mode estimation
TIBq27531  [95] Li-lon Hardware Online SoH | sec 1%
[96] (older versions
support a wide range)
MAXIT047  [97] Li-lon Hardware Online SoH N/A < 2%
HDM BFG-  [98] Lead-Acid Hardware Online SoH N/A 5%
24-8

6. Conclusions

There is a multitude of battery models and methods in the field of battery SOH estimation, ranging
from the simplest to implement, to very complex ones. which require high computational resources. As
a consequence, a large number of papers discussing this topic have been published in the art and some
of the most relevant are analyzed in this review.
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The presented models and methods are very heterogeneous, making it hard to objectively analyze
and compare them. A comprehensive set of clear and measurable criteria has been defined in order to
sort out this problem.

Considering the precision of the estimation, we have found that, although the more complex
methods generally present a lower estimation error. there are also several relatively simple methods that
provide good precision. However. the main drawback of using simple methods is that these lower
ranges of errors are achieved only in case of stable operating conditions and low variance of battery
parameters. On the other hand, the more complex methods cover almost all possible battery life
degradation scenarios. For instance, most of the simple solutions do not take into account the variation
of battery temperature or are defined only for a fixed value, e.g. 25 degrees Celsius.

Our evaluation revealed that only a small number of papers which present complex methods have a
practical implementation on embedded targets, most of them being only validated in simulation
environments, such as Matlab.

The most complex techniques, such as the Particle filtering, Kalman filtering and SVR, have an
estimation error in the range of 1% to 2%, while the other present large and very large estimation errors
in comparable scenarios.

The existing commercial solutions usually implement the simpler methods and offer a wide range of
configurability, making them relatively easy to integrate into a BMS, compared to more theoretical
approaches.
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Abstract---Online State of Health (SOH) prediction of Lithium-ion batteries remains a very
important problem in assessing the safety and reliability of battery powered systems. Deep
learning techniques based on recurrent neural networks with memory, such as the
Long-Short Term Memory (LSTM) and Gradient Recurrent Unit (GRU), have very
promising advantages, when compared to other SOH estimation algorithms. This work
addresses the battery SOH prediction based on GRU. A complete BMS is presented along
with the internal structure and configuration parameters. The neural network was highly

ptimized by adaptive t estimation (Adam) algorithm. Experimental data show very
good estimation results for different temperature values, not only at room value.
Comparisons performed against other relevant estimation methods highlight the
performance of the recursive neural network algorithms such as GRU and LTSM, with the
exception of the battery regeneration points. Compared to LSTM, the GRU algorithm gives
slightly higher estimation errors, but within similar prediction error range, while needing
significantly fewer parameters (about 25% fewer), thus making it a very suitable candidate
Jor embedded implementations.

Keywords---Lithium-ion battery; On-line state prediction; State of health; Recurrent neural
networks; Gradient Recurrent Unit; Long-Short Term Memory; Battery management
system.

1. Introduction

Advances in lithium-ion battery technology make it ubiquitous in battery powered devices,
ranging from electric terrestrial and aerial vehicles to consumer electronics. Therefore, battery
health assessment becomes a crucial problem in providing safety and reliability of the system
[1]. 121

Online estimation of battery health, i.e. State of Health (SOH) or Remaining Useful Life
(RUL), is not a trivial task because of its nonlinear character and the computing intensive
operations it requires. With all the major scientific focus it gained in the last few years, this
topic still raises many challenges [3]-[5]. Mathematical models proposed in the state of the art
for the battery cannot precisely estimate the battery dynamics, resulting in considerable
estimation errors. Combining mathematical and electrochemical models provides better
results but increases complexity, while also requiring more computational resources [6]-[8].
Data driven methods, which try to solve the issues of mathematical and electrochemical
models, have their own shortcomings [2]. Algorithms such as SVM/RVM need a lot of data
for training, to provide good accuracy. Current literature suggests that such algorithms give
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very good results for short data windows, while for long data sequences the results tend to
degrade [15]. Further on, the problem of the computational complexity is still present.

In recent years, the evolution of deep learning techniques and hardware optimizations
gained attention because real-life implementations become feasible. A lot of work is focusing
on Recurrent Neural Networks (RNN). In [9]-[13], LSTM (Long-Short Term Memory)
algorithms are used to predict the RUL and SOH of the battery. Hybrid versions of LSTM are
also presented in [14] and [15]. LSTM fusion with algorithms such as VARMA or Elman
neural networks lead to an increase of LSTM prediction accuracy.

The GRU (Gradient Recurrent Unit) is a simplified long-short memory deep learning
algorithm [16]. It gained attention because it addresses the problem of vanishing gradients,
like LSTM [17]-[18], but has fewer parameters, which results in a more efficient network
training and prediction with respect to the required time. Even with fewer parameters, the
estimation accuracy of the GRU networks is kept within a good range.

Compared to other battery health estimation methods, the LSTM/GRU techniques have
encouraging advantages. They solve one of the main problems of data driven algorithms: the
accuracy is good even for long data windows, while the error remains in range and does not
degrade. Further on, the input data is not required to be complete. It works even when some
intermediate charge/discharge cycles are missing from the training data. The RNN techniques
reduce the computational complexity of the online implementation and push this complexity
on the (offline) training phase [2], [5]. Also, the latest evolutions of neural network
accelerators make hardware implementations of such techniques possible [20]. Open issues of
the LTSM/GRU methods include the non-trivial data preparation phase for the network
training (e.g. window splitting — data window size has to be chosen accordingly) and how the
model parameters are defined (the training algorithm and training configuration have to be
chosen with care to obtain good results).

Our work focuses on developing online battery state of health estimation solutions for
embedded implementations. Taking into account the advantages of the LSTM/GRU RNN
techniques, this article presents a novel GRU-based method for online SOH estimation. The
main highlights of the paper are as follows:

e A complete BMS is presented along with the internal structure and configuration
parameters;

e The proposed GRU-based method has been implemented and tested on battery data
gathered at various temperature values, not only at room temperature, with very good
estimation results, as shown in the experimental section;

o The prediction accuracy of the GRU algorithm has been compared with the ones
provided by other relevant battery SOH estimation methods, including a LSTM-based
technique, also developed by the authors;

¢ Overall, the recursive neural network algorithms such as GRU and LSTM show good
performances, with the exception of the battery regeneration points;

e Compared to LSTM, the GRU algorithm gives slightly higher estimation errors, but
within similar prediction error range, while needing significantly fewer parameters
(about 25% fewer), thus making it a very suitable candidate for embedded
implementations.

The paper is structured as follows: Section 2 provides a coverage of the GRU unit and
how it works; a detailed description of the online SOH estimation method is given in Section
3; the experimental validation of the proposed method is presented, compared and discussed
in Section 4, followed by the final conclusions.
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2. Gated Recurrent Neural Network - GRU

The GRU neural network is based on gated recurrent unit and was introduced in [16] to
address the issues of gradient vanishing and gradient explosion of classic recurrent neural
network unit when dealing with long-term dependencies between neurons. The cell structure
was simplified compared to LSTM by removing the cell state and therefore it uses the hidden
state for data transfer.

GRU neural network uses two gates — the update gate to control the amount of past
information which should be taken into consideration, and the reset gate — to control the
amount of information which will be left behind. The general structure of the GRU unit is
presented in Fig. 1.

hs

Fig. 1. GRU structure

The hidden state at one instance of time k depends on the previous state at k — 1 time
instance and a candidate state, /1, , using a linear relation [19]:

o =(=z) by + 2 Iy (1
where z is the update gate defined by the following activation equation:
z =o(W, '[‘hk—l Xz ]) 2

The value of zi controls how much the current state depends on the candidate state or on
the previous state. The candidate state of a GRU is defined by the following equation:

Ii_ = uanh(W,, ‘[’”k ey xi D )
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where ry is the reset gate:
o =o(W, '[h!r—l X ]) )
The reset gate controls how much the candidate state depends on the previous hidden
state. Wz, Wy, W, are the weights matrices for update gate, candidate state and reset gate [21].
3. Online SOH Estimation Method Based on GRU
3.1. SOH Definition

In literature there are several definitions for battery state of health. For simplicity we
used the SOH [%)] defined as:

100%, Coa
1— Cl:m
SOH [%)]= 1 Swn |09 [%6] (5)
SOH,
0%, %GOHO

where SOH [%] is the battery state of health, Cpy is the current battery capacity, Cuom is the
battery nominal capacity, SOHj is the chosen ratio related to battery nominal capacity for
which SOH is 0 [%]. A common value for SOHy is 0.2 or 0.3.

3.2. SOH Estimation Method

The neural network architecture proposed for SOH prediction is presented in Fig. 2. It
consists of an input layer, two GRU layers and a dense layer which is a regular neural
network layer of connected neurons. The GRU layers are stacked and each GRU unit is
interconnected with the neighbor units. The dense layer gathers all the outputs from the last
GRU layer and outputs a single value which is the prediction value. The input of the network
is denoted with Ci, which is the battery capacity at cycle . With C,; we have denoted the
predicted capacity for the next cycle (#+1). The network is designed for univariate
predictions.
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Dense layer
GRUlayer LCRUI(GRU] _GRu ]
GRU layer A

cl'
Fig. 2. Architecture of the proposed neural network for SOH estimation

We used the Adam (Adaptive moment estimation) optimization algorithm [22] for
training the described network, because it combines the advantages of both AdaGrad and
RMSProp [23]: it keeps a per-parameter learning rate which is important (performance wise)
when the gradients are sparse. The per-parameter learning rates are updated based on the
average of recent values of the gradients.

The algorithm stores an exponentially decaying average of past squared gradients v like
Adadelta and RMSProp, and also keeps an exponentially decaying average of past gradients
my, similar to the momentum algorithm [23].

The decaying averages of past gradients and past squared gradients are the following:

{m, =pm,_ + (1 7ﬁl) i

6
v = Pave +(1,ﬁ2)g!2 ©
where m: and v; are the estimates of the first moment and the second moment of the gradients.
During the initial time steps and at initialization, it can be observed that the values of m; and v
are biased towards zero, especially when 1 and f2 are close to 1 (i.e. the exponentially
decaying rates of the Adam algorithm are small).
To address these issues, we can compute the bias-corrected second moment estimates:

. m,
m, = g
A (7)
5 i
Vv, = -
1=5
Using these equations, we can obtain the Adam update rule as following:
7 ~
O =6, - .7 . (®)

B te
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where @represents, generically, the model parameters, which are updated at every cycle ¢, 77is
the learning rate and & is a very small constant to avoid division by zero (usually 107%).
Concerning performance, the Adam algorithm excels at speed and relatively low
memory consumption.
A typical BMS system with an online SOH estimator using GRU is presented in Fig. 3
and is composed of the following main blocks:

. Battery SoC determination block — is used to compute the current battery capacity
based on battery parameters such as battery voltage, battery current and battery
temperature. It provides the input for data preparation block. This can be
implemented with one of the available methods and it is out of the scope of this
paper;

. Data preparation block — prepares data to be used in the neural network block:
normalization, data sequencing;

. Neural network block — outputs a predicted battery capacity value for the next
cycle;

. Battery SOH determination block — transforms the predicted battery capacity
value into the predicted SOH value using denormalization and based on the
battery nominal capacity.

Vi
I, 3 Battery C, Data
T deter?:iiation "|_preparation
—>]
v
[ Cer] ~ NGl &
GRU layer
GRUlayer | GRU [>{ GRU | reee
Dense layer
SoH Battery Cot
€« SoH €

determination

Fig. 3. Battery management system based on GRU neural network

The algorithm for computing the online SOH[%] at each cycle f is summarized below:
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: while not (battery cycle completed) do
wait
: end while
: determine SoC
: Prepare data (Cyy, Crpsq s C1s Cp)
: Calculate Cp,
: Calculate SOH,
ipr!/Cnom >1
SOH,[%] = 100%
10: else if C,y/C,om < SOH,

NOUEWNE

o %

11: SOH,[%] =
11: else
100%,% >1
_Char
12: SOH[%] = (1—50;;3’")* 100[%)]
0%, < < SOH,
13: endif "

Fig. 4. Pseudocode to compute online SOH

4. Experimental Results
4.1. Network Training

Our network configuration is presented in the following table. It has a number of 50
units in hidden layer and one dense unit in the regular layer.

To train and test the neural network, we used the experimental battery data set provided

\ by the Prognostics Data Repository at NASA Ames Research Center , considered one of the
reference sources for Li-ion batteries in the field. More specifically, we used the data from the
batteries in the Annex section at the end of the paper (Table VI).

For example, the data for battery B000S5 corresponds to the following experimental
setup: the battery has been run on 3 operational profiles, in a cyclic manner (charge,
impedance, discharge), until the battery reached the end-of-life criteria — a 30% drop of its
capacity (i.e. from 2 Ahr to 1.4 Ahr). Charging has been performed with constant current (CC)
at 1.5 A, until the battery voltage reached 4.2 V and then continued with constant voltage
(CV), until the charge current dropped to 20 mA. Each discharge cycle was executed at a
constant current (CC) of 2 A, until the battery voltage decreased to 2.7 V. The impedance
measurement cycles are based on the electrochemical impedance spectroscopy (EIS) method,
using a frequency sweep from 0.1 to 5000 Hz.
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In addition to battery data at normal operating temperature (24-25 degrees Celsius), our
evaluations consider also different operating temperature ranges available on the NASA data
set (see Table VI): 44 degrees Celsius and 4 degrees Celsius.

First, we have prepared the data set, splitting it into training (80%) and test data (20%).
Then we spitted the data sequences using a window size of 5. On the training dataset, we
performed k-fold cross-validation with parameter £ = 10. We used the R-squared coefticient
(Pearson flavor) to analyze the dataset homogeneity. Table II presents all the R-squared
values for each fold. The detailed R-squared plots for folds 3 and 4 are illustrated in Fig. 5
and Fig. 6, respectively. Network training was performed in a number of 150 of epochs on a
PC with Intel core i7 processor and Nvidia GTX1050T, with 8GB RAM. To ensure better
regularization we used a dropout value of 0.5 [25].

Table L. Neural network training parameters

Network parameter Value
No. of units in layer 1 50
No. of units in layer 2 50
No. of epochs 150
History window size 5
Dropout 0.2
Training data 80%
Test data 20%

Table IL. R-squared values of the 10-fold cross-validation of training dataset

Fold no.

R2 value

=T S =2 T I “SE U R R

—
(=1

0.9728
0.9737
0.9377
0.9835
0.9813
0.9456
0.9912
0.9812
0.9791
0.9731
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Fold 3, R2 = 0.93778
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Fig. 5. R-squared plot for fold 3 of the 10-fold cross-validation of the training dataset
Fold 4, R2 = 0.98358
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Fig. 6. R-squared plot for fold 4 of the 10-fold cross-validation of the training dataset

For comparison purposes, we also developed a network based on LSTM units. In the

training phase, the GRU and LSTM performance are close, with same value of MAE (Mean
Absolute Error).

Table III. Training MAE of LSTM versus GRU networks

LSTM vs. GRU

Total no. of 30651 23001
parameters

Training MAE 0.0270 0.0264
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It can be observed that the number of parameters for GRU is with 25% less than the
number of the parameters for LSTM. This enables the training speedup of the neural network
and its prediction results.

4.2. Estimation Error and Comparison with LTSM

For error estimation we used percentage absolute error as a metric for comparison. The
error range for GRU and LSTM is presented in Table IV. We have observed that the peak
errors are due to the regeneration phenomenon which affects this type of batteries [26]. For
example, one regeneration point in the BO005 battery dataset is presented in Fig. 7. If exclude
these errors are excluded, a very good estimation error range can be obtained, as presented in

Table V.
Table IV. Absolute estimation error range
Absolute error [%] range
LSTM -5.70 5.32
GRU -5.79 5.46
Table V. Absolute estimation error range (excluding regeneration points)
Absolute error [%)] range
(excluding regeneration points)
LST™M -2.45 2.56
GRU -2.91 2.73
Batttery BO005
18 T T T
175 - |
—_ 17
2 el |
E‘ 165
E 16 |
5]
155 |
15 1
145 1 L 1 1
50 60 70 80 90 100 110

Cycle number

Fig. 7. Regeneration point of capacity for battery B0005
Fig. 8 to Fig. 11 present in details the percentage absolute error of the SOH prediction

for batteries BO0O05 and B0028, at each charge-discharge cycle. Battery datasets BO00S and
B0028 were used for testing the neural network.
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Batttery B0005
T

Absolute error [%)]
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Fig. 8. Battery B0O005 absolute estimation error for cycles 1-50
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Fig. 9. Battery B0005 absolute estimation error for cycles 51 - 106
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Absolute error [%)]
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Absolute error [%]
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Fig. 10. Battery B0028 absolute estimation error for cycles 1-50

Batttery B0028
T
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55 60 65 70 75 80 85 980 95 100
Cycle number

Fig. 11. Battery B0028 absolute estimation error for cycles 51 - 100

We can observe that in most of the cases, the GRU based estimation errors are slightly

higher than the ones obtained by using the LSTM algorithm, but within the usual prediction
error range for these types of algorithms.

4.3,

Comparison with Other SOH Estimation Technigques
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To further evaluate the performance of the proposed GRU/LTSM algorithms, we
performed a set of extensive comparisons with other state of the art battery SOH estimation
methods: second order polynomial regression ("Poly2") [4], exponential regression ("Exp")

| and multilayer perceptron ("MLP") [27]. For the aforementioned online versions. On each
cycle, the parameters for the second order polynomial regression and exponential regression
were computed based on the formulas in [28] and [29]. Then the next cycle was predicted
based on the obtained polynomial and exponential function. The MLP neural network was
trained, validated and tested on the same dataset as used for LSTM and GRU. The
architecture of the MLP neural network consists of 2 hidden layers with 50 neurons. The
network train method was bayesian regularization. The prediction of the battery capacity for
each cycle was performed in the same manner as in the case of LSTM and GRU.

Fig. 12 shows the absolute percentage estimation error ranges obtained for the batteries
B0005, B0028, B0032, B0040 and B0045.

8 T T T

Absolute estimation error [%]

I Poly2 I Exp VP I LST™ [ GRU

L I I L I
-10
B000S BO028 B0032 B0040 BOO45

Battery dataset

Fig. 12. Comparisons of LTSM and GRU with other relevant battery SOH estimation techniques

Polynomial and exponential regression generate good estimation errors when the battery
capacity curve follows a polynomial or exponential trend. But in most of the cases the
nonlinearities of the battery capacity outperforms these algorithms, giving an error range of
[-7.5%, 4%)] respectively [-7%, 3.8%] for battery B0005. The neural network based
algorithms show better performance. Starting with the multilayer perceptron, the error falls
between -6.5% and 2.5% for battery B0005. The more complex recursive neural network
algorithms such as LSTM and GRU estimate the SOH with an absolute percentage error
which in most of the cases is half the polynomial and exponential algorithm generated errors.
This gives and error range of [-5.5%, 2%] for battery B0005. The improvement of the
estimation results is due to the cell structure of the LSTM and GRU cells, which use the
long-term and short-term memory.

When the battery capacity curve presents a lot of regeneration points the estimation
performance of the LSTM and GRU drops and the performance difference between the other
algorithms is not that significant. This is the case of battery B0032. Still, the estimation errors
fall into an acceptable range for these types of algorithms [5].
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5. Conclusions

In this work we present an online SOH estimation method based on GRU neural network
units. The proposed method has been implemented and tested on an extended battery dataset,
for three different temperature ranges (4, 25 and 44 degrees Celsius).

To assess the estimation performance of the algorithm we used the percentage absolute
error, such that the simulation of the method would be closer to real scenarios. Comparisons
performed against other relevant estimation methods show the good performances of the
recursive neural network algorithms such as LSTM and GRU, with the exception of the
battery regeneration points. Such cases must be treated distinctly, with special care.

The estimation errors of the GRU method are very close to the ones obtained with the
similar algorithm, LSTM, but on the other hand, it has a significantly smaller number of
parameters (~25% less parameters). This makes it a very convenient solution when it comes
to training the neural network, due to the major decrease of the necessary processing time.
Another advantage is the reduced memory footprint and the acceptable processing power. All
these advantages make the proposed GRU-based estimation method a very suitable candidate
for embedded implementations.
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7. Annex

Table V1. Battery data used for the training and testing of the proposed neural network

Battery ID

Operating conditions

B0005, B0006, B0O007, BO018

Room temp., charge current 1.5 A,
Final charge voltage 4.2 V
Constant discharge current 2 A,
Final discharge voltage 2 V

B0025, B0026, B0027, B0028

Room temp., charge current 1.5 A,
Final charge voltage 4.2 V
Discharge square wave 0.05 Hz,
amplitude 4 A, duty cycle 50%
Final discharge voltage 2 V

B0029, B0030, BO031

Room temp., charge current 1.5 A,
Final charge voltage 4.2 V
Constant discharge current 4 A,
Final discharge voltage 2 V

B0033, B0034, B0036

Room temp., charge current 1.5 A,
Final charge voltage 4.2 V
Constant discharge current 2 A,
Final discharge voltage 2 V

B0038, B0039, B0040

Room temp. and 44 deg Celsius,
charge current 1.5 A,

Final charge voltage 4.2 V
Constant discharge current 2 A,
Final discharge voltage 2 V

B0041, B0042, B0043, B0044

4 deg. Celsius., charge current 1.5 A,
Final charge voltage 4.2 V
Constant discharge current 1 A, 4 A

B0049, B0050, B0O051, B0052

4 deg. Celsius., charge current 1.5 A,
Final charge voltage 4.2 V
Constant discharge current 2 A

B0053, B0054, B0055, B0056

4 deg. Celsius, charge current 1.5 A,
Final charge voltage 4.2 V

Discharge square wave 0.01 - 5000 Hz,
amplitude 2 A, duty cycle 50%
Discharge until final capacity is 30%
bellow nominal capacity
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Battery Management System with Online
State-of-Health Estimation

Mihai V. MICEA, Member, IEEE. Lucian UNGUREAN, Gabriel N. CARSTOIU, Voicu GROZA,
Senior Member, IEEE

Abstract—Battery powered embedded systems have known a rapid evolution in recent years, as Nickel-metal hydride (Ni-MH)
battery technology has enabled important reductions in size and proportional increases in total capacity over older battery
technologies such as Nickel-Cadmium (Ni-Cd) and Lead-Acid. This paper addresses the problem of State-of-Health (SoH) estimation
and prediction for use in resource-constrained Ni-MH battery powered embedded systems. We propose a novel SoH prediction
methodology, presenting both a theoretical analysis of the estimation algorithm as well as the detailed description of a-hardware and
software implementation. Two versions of estimation algorithms are proposed, along with the analysis of their performance in terms of
prediction accuracy and required processing power, as the SoH prediction is designed to run online, being part of an embedded
battery management system (BMS).

Index Terms—Battery management, State-of-Health prediction, Ni-MH, battery powered device.

L. InTRODUCTION

HE number of battery powered mobile and portable devices has seen an exponential growth in recent years, among the

most obvious examples being: laptops, mobile phones, PDAs, smart sensors [1]. [2]. etc. The processing power of these

devices has also been rapidly growing, thus determining the development and evolution of both primary and secondary battery
technologies needed to support longer usage times between recharges and/or replacements of batteries.

NIMH technology offers a lower cost compared to Lithium-ton (Li-lon) based solutions in many applications, because it
provides a high storage capacity (up to 2700 mAh for standard AA cells) and high energy density, it contains chemical elements
which do not have a bad environmental impact, and features good charging and discharging rate capabilities [3], [4]. Another
advantage of Ni-MH batteries worth mentioning is the good tolerance to fast charging (using charging currents up to 1C). The
main disadvantage of using this technology is its low robustness when it comes to extreme conditions which affect the battery
storage capacity and therefore its performance [5]. Another problem remains the self discharge rate which isn’t negligible but it
can be quantified and used in calculations.

All of the afore-mentioned advantages favor the usage of Ni-MH cells in battery powered embedded systems which are
resource-constrained in terms of size, processing power and battery capacity. Although most consumer handheld and portable
devices use Li-lon batteries as their energy source, Ni-MH batteries can still be found in devices such as power tools, walkie-
talkies, DECT phones, GPS receivers, digital cameras, etc. Furthermore, Ni-MH is the preferred energy source for smart sensor
nodes used in monitoring and surveillance applications.

A. Previous work

Previous research papers in the field of battery management systems for Ni-MH cells have targeted areas such as charge
termination techniques [6], accurate State-of-Charge (SoC) determination [4], innovative charger designs [7], [8]. and discharge
coordination algorithms to improve battery lifetime [9].

Considering the area of charge termination techniques, many of the novel developments that have been published thus far have
focused on improving certain characteristics of the already-known and accepted techniques in common use for Ni-MH batteries

Manuscript received July 21, 2000. This work was supported in part by the Romanian Ministry of Education and Research under Grant PNCDI 11 ID-22/2007-
2010
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[6], such as: the rate of change of the battery terminal voltage (d¥ slope and voltage plateau detection), maximum rate of change
in battery temperature (d7/ds).

Among the notable ideas are the ones presented by Diaz and his co-authors in [8], in which they describe a charge termination
technique based on detection of the battery voltage second slope, effectively stopping the charging process as soon as the time
windows between consecutive increases in terminal voltage grew over a certain time threshold.

SoC determination is one of the key issues relating to battery powered devices, and, throughout the history of the development
of secondary battery cells and their applications, several systems and techniques have been specified and developed [4]. Many
recent developments in the field have concentrated on batteries with Alkaline [10], Lead-Acid [11] and Li-Ion chemistries. The
authors of [12] and [13] have proposed and demonstrated an ingenious solution for improving the accuracy of SoC determination
by combining the classical coulomb counting method with a SoC correction algorithm, based on a second order Randle model of
the batteries. However, the proposed algorithm is based on offline parameter identification and assumes a fixed lookup table
relating the open-circuit voltage (OCV) to the SoC, which is scarcely true for real batteries.

Research work focusing on smart charger designs for Ni-MH batteries has been growing in recent years [7], [8], as these types
of batteries are very sensitive to charge and discharge termination conditions, and also as a result of more demanding
requirements for reduced charging times and increased charging efficiency. The approach in [6] focuses on the fast charging
process, providing a limited degree of intelligence by determining what amplitude of charge current is required (fast or trickle)
by using two levels of discrimination for the battery terminal voltage (Vbatt), at 10% of Vbatt, and 80% of Vbatt. The design
proposed in [8] implements the charging algorithm using an 8-bit microcontroller and is based on generating current pulses and
observing the battery terminal voltage. It offers a certain degree of flexibility by allowing the user to select between 4 predefined
nominal capacities for the batteries used.

A complete charger system with SoC measurements and a battery capacity learning feature is presented in [14]. The authors
focus on minimizing the charging system power consumption and succeed in attaining a power envelope of under 100 pA.
However, the reported accuracy of measurements is not supported by experimental results and the hardware implementation is
costly due to its large number of discrete analog components.

B. Proposed design
The main idea of this paper is to present in detail a complete battery management system. which can be utilized stand-
alone or as part of a battery powered embedded device. We will discuss the novel features introduced by our design and will
evaluate the validity of our implementation by presenting a case study and detailed experimental results.

Qur solution provides in-system charging of the attached battery pack. SoC calculation and SoH prediction of the remaining
number of cycles or the remaining useful life (RUL), as defined by [15]. Similar to other intelligent charger designs [7], our
charge controller module makes use of a combination of charge termination techniques, relying mainly on voltage and
temperature based methods, as well as on the accurate measurement of the total supplied energy via a hybrid coulomb-counting
algorithm.

One of the novelties introduced by this paper is the integration of the battery pack, battery charge and discharge controller,
SoC measurement hardware and the battery management software into a single module, thus providing a configurable black-box
solution ready to be integrated into battery powered devices. We will present the implementation details of our complete
hardware-software solution, as well as a case study implementation in Section I1T of the paper.

The ability of an intelligent battery management system to accurately measure the total energy supplied to and removed from
the battery pack is mandatory for correct SoH determination. Our design implements SoC calculation based on a reduced version
of the mixed algorithm proposed by Codeca etal. in [12], in which the authors demonstrate that very accurate SoC measurements
can be obtained when combining the classical coulomb-counting approach with feedback from an electrical battery model, based
on the OCV-SoC dependency. The novelty introduced by our solution, as detailed in sections IT and I, consists in the online
recalculation of the OCV-SoC model parameters, as opposed to the static and offline model identification presented in [12]. This
idea is based on the observation that the battery model parameters need to be modified as each battery cycle is consumed, to take
Into account the subsequent SoH deterioration caused by battery ageing.

The SoH prediction capability is central to our design and represents another novel feature. It provides the users with a vital
piece of information about the health and the remaining operating cycles of the integrated battery pack, allowing them to know in
advance when to replace the used cells. Although several SoH estimation algorithms have been reported in the art ([15], [16]),
their complexity makes them hardly suitable to be implemented in a low cost and low power embedded system, and, to our
knowledge, no such attempts have been reported.

Our proposed SoH estimation and prediction solution is based on a second order parabelic regression algorithm, and in
sections 11T and IV we will elaborate on the numerical methods that we have found suitable to be impl ted on an embedded
processor. We will analyze two proposed implementation concepts in terms of relative estimation error versus actual battery
data, and CPU and memory usage of the embedded implementation case study.

Section V draws the conclusions and summarizes the obtained results.
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II. THEORY OF OPERATION

A. SoC calculation principles

The state of charge is an important parameter for all battery powered devices, as it is used to provide an indication of the
remaining operating time for the current discharge cycle or the remaining time until the batteries are charged, in the charging
phase. Although many methods exist for SoC indication [4]. [10]. [12]. the most widely studied and most used ones are: coulomb
counting, which is relatively simple to implement and can be used with all battery types; impedance spectroscopy, which can
also be generally used, but is expensive to implement: fuzzy logic approaches, which can provide accurate estimates but present
large memory requirements; Kalman filters, which are robust and adaptable to multiple battery types, but require a complex
battery model and are difficult to implement.

There are multiple ways in which SoC can be defined, but the most commonly accepted definition is the following: the SoC of
a battery pack is the maximum remaining useful capacity stored in the respective battery pack. SoC can also be described as a
percentage value relative to the nominal capacity of the battery pack, expressed in Ampere-hours (Ah):

Qrom —LTI{:}J:
— =100
-

In (1), the state of charge is denoted by SoCry and it can hold a value from 0 to 100, the nominal capacity 15 (uow, and the
current flowing to/from the batteries is denoted by fr), and can have a positive value in the charge phase and a negative value
during discharge.

A direct consequence of the SoC definition is that the SoC can be determined by accumulating the changes in the charge level,
effectively integrating the current flow over the operating time. This book-keeping method is known as coulomb counting.
Although its implementation is simple and suitable for a microcontroller based battery management system (BMS), this method
presents some drawbacks: its performance is directly dependent on the accuracy of current measurements, requiring very precise
current sensing, and significant offset errors can be introduced if the initial SoC (5oC(0)) is not known precisely [13]. A more
accurate solution is presented in [12]. Here, the authors make use of a second order resistor-capacitor Randle model. The model
inputs are the load current and an OCV-SoC lookup table. The model parameters can be identified by measuring the voltage
levels and settling times, after applying charge and discharge current pulses. The model identification and the OCV-SoC lookup
table determination are done offline using a PC-controlled test-bench.

Our proposed SoH estimation algorithms need accurate SoC measurements as inputs; therefore, we have implemented an
adaptation of the mixed algorithm described above. The applications targeted by our BMS design will use currents in the range
of 200 to 1000 mA. In the field of battery engineering, this range corresponds to an interval of 0.1 to 0.5 C of a 2000 mAh
battery pack, for which the rated discharge current of 1 C is equal to 2000 mA. As a consequence, according to [5], the
maximum available SoC does not depend on the charge or discharge current applied to the batteries. Furthermore, the OCV-SoC
curve changes as the batteries advance in age, leading to the observation that the OCV and the maximum available SoC are
functions of the battery SoH.

Thus we propose an adaptation of the mixed algorithm for SoC determination described in [11]. Its most important and novel
feature 1s the possibility of determining and recalculating the battery model parameters online, as part of the system operating
time. We have considered a simplified first order Randle model for the Ni-MH batteries, shown in Fig. 1, in order to make it
feasible to be implemented as part of an embedded BMS and to shorten the testing times necessary for identifying its parameters.

SoCit)= (1

Rs

Viare

Voey (500}
%]
&

O
Fig. 1 Proposed Ni-MH clectrical battery model.

The proposed model expresses the battery terminal voltage Vi.., considering a load current /i, as a function of the battery open

circuit voltage Vocv(SoC). The battery overpotential (Vocv(SoC) - Viw) is modeled by the voltage drop across its internal
resistance R; and the response to a step current signal is handled by the parallel &.-C. group.
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4
—t
Poare (1) = Vo oy(SoC) = !L[Ri + Ru[ 1-ef ]] (2)
In the Laplace domain, (2) can be represented with the following relation:
Faal6)=Foc(500 1 B+ @

The aforementioned relations link the directly measurable parameters, Vi and Ji. to the model parameters and the OCV,
where ¢ represents the elapsed time of the current cycle. This relation will be used by the BMS software implementation to
periodically recalculate the model parameters as needed.

B. SoH estimation

The State of Health (SoH) is a metric which indicates the battery condition related to a new battery. SoH determination is not a
simple task. In most cases several parameters are involved in this process, like cycle numbers, accurate SoC determination, etc.
There is a strong dependency between SoH and both the battery and the type of applications running on the battery powered
device. This degree of unpredictability can be controlled using adaptive systems based on neural networks, Kalman filtering or
fuzzy logic [17]. The problem with these systems is the high computational power which i1s needed for implementation,
unfeasible for low cost consumer smart chargers.

A simple approach is presented in [17]. The SoH indication is based on the stored maximum capacity function, Gy, for some
charge/discharge cycle, k. This paper focuses on the improvement of this paradigm by introducing curve modeling and
estimation using polynomial regression. We consider that this simple algorithm 1s well suited for consumer smart chargers with
small computational power, as we show in the following sections.

A least-square approach is proposed to implement the second order polynomial regression which estimates the G function.

The polynomial representation of C, is given by:

Co=ak®+bk+c, a<0 (4)

The constraint imposed to a, ensures a better curve approximation, because of its monotonically decreasing part.

Consider a battery operating scenario with a total of » charge/discharge cycles completed up to the current moment. As a
result, the maximum capacity value C; for each successive battery cycle can be obtained. The curve estimation using least
squares algorithms is determined by solving the following system of equations:

aZkQ +hz& +(‘}I=2Ck
& k k

aY K +bY K4S k=Y kG, k=Ln,nz3 (5)
k & k k

ay K +bY ke Yk =Y G
k k & &

To solve the system and to obtain the a. b, and ¢ parameters, a simple algorithm, such as Cramer’s, can be used. It consists of
computing the following determinants:
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In this case the values of the a, b, and ¢ parameters are expressed using:

A, A A,
a=—2 p==h -Zc (7)
A A A

For calculating the sums in the determinants specified in (6), the following recurrent formulac are suited for embedded
implementation:

Spar =Sp +k+1), S:k+113 =8, +(k +1)2, etc. (8)

Using the polynomial function obtained, we can compute the first cycle, m, for which the discharged capacity is under a
threshold value, denoted as F-Coomina, and the SoH is considered 0%.
The computation of m is reduced to solving the inequality:

F-Guoma > alP+ bk +¢ (9)

2
",:[MJ‘ (10)

Since a < 0, m becomes:

2a

where Lx | (floor) represents the largest integer less than or equal to x.

The least squares algorithm is well suited for linear systems where the approximation has the highest accuracy. Of course, if
the values considered for interpolation present nonlinearities, the accuracy decreases. However, the applications targeted by the
proposed BMS design use discharge currents between 200 and 1000 mA, which are well below the maximum rated discharge
current (specified by the battery manufacturer datasheets). Thus, nonlinearities relating to the degradation of the battery capacity
have a low probability of appearance [5].

The SoH estimation principle that we have adopted for integration in the BMS 1s based on previously stored measurements of
the total available discharge capacity of the battery pack. As a consequence, we have identified two methods for SoH estimation
using the available battery data and the number of elapsed battery cycles: the time-window algorithm and the history-based
algorithm.

The history-based algorithm for SoH estimation has been devised starting from the observation that the typical Ni-MH cell
discharge curve presents a relatively constant decreasing curve over its expected lifetime [18]. This method makes use of the
whole charge-discharge history of the cell, up to the current charge/discharge cycle. The basic idea supporting this algorithm is
that the estimation will be more accurate as more inputs are used.

The time-window algorithm is based on the following idea: considering that the current battery cycle is denoted by C,, then the
measured capacities of the previous » — 1 cycles (C, through €,-,) will be used to estimate the remaining u useful cycles. The
value of u is defined according to the afore-mentioned requirements. As the number of the battery cycles advances, so do both
boundaries of the considered time window, providing the estimation algorithm with a moving time-window of the previous n — 1
cycles. Among the advantages of this approach, we can note that in the case of a new battery pack, » <<u, and therefore,
relatively few logged discharge cycle data are needed to estimate the remaining useful life. For example, experimental results
presented in Section IV show that a number of up to v = 60-70 future cycles can be estimated by considering only n = 25
recorded discharge capacities.
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Considering the two data gathering approaches for the SoH estimation algorithm, the BMS designer must choose the best
suited implementation, taking into consideration such factors as: nominal cell capacity, the number of cells/pack and the
available computing power and memory storage (for keeping the measured battery capacity logs).

1II. BMS IMPLEMENTATION CASE STUDY

The algorithms presented in the previous section have been implemented on an embedded power management module called
the PMBoard (Power Management Board). This board is part of the WIT architecture (Wireless Intelligent Terminal), specified
by the CORE-TX project (Collaborative Robotic Environment — The Timisoara Experiment) [19], [2]. The PMBoard has several
functions: to supply power to the entire system, to measure and manage the power consumption [20] of the entire WIT, to
increase the life and state of health of the battery pack. to provide battery system parameters to the upper levels of the system
power management (SPM) software.

The management of the power consumption is based on accurate measurements of voltage, current and temperature values.
The temperature is measured using a TMPI0! sensor [21], the voltage by using a 10 bit SAR ADC [22]; for current
measurement a high side monitor schematic has been implemented, as depicted in Fig. 2 for a particular load channel which
corresponds to an individual component board of the WIT.

Rshunt Leire
Dbt e,

o | I I
102
Ry ADBS51

8i9433 H

R,

5 5

Vhatt IDSl e
o
ADC
Channel
Ry
o

Fig. 2. High side current monitor schematic.

In the above figure, R. is the load resistance, fur the current through the circuit and Riww the shunt resistor. Using high
precision p ts, the imy on of this schematic provides very accurate measurements and reduces the influence of
noise. Software averaging [23] is also used for increasing current measurement precision.

Details concerning the power consumption of the monitor schematic are given below. The variable resistor R, presented in Fig.
2 denotes the resistive load. The resistor divider composed of R; and R: is used to adapt the voltage of the ADC channel, which
has very high impedance, thus its current draw is in the order of pA. The AD8551 op-amp draws 750 pA. The power
consumption of the shunt resistor is proportional to the current through the load, and has a maximum value of 500 mW,
considering a 0.5 € shunt and the maximum load current of 1000 mA. This power figure can be reduced by decreasing the value
of the shunt resistor. N-ar-trebui-aici-macar-o-valoare-totala—n-mW-2 Am introdus consumul pt. shunt. Consumul total al
circuitulul este aprox. acelasi, pt. ca restul componentelor consuma foarte putin, dupa cum am scris.

SoC determination is done using the model presented in Fig. 1. The system has the ability to identify the model parameters
and to recalculate them every time the batteries are replaced. The identification of the system parameters is done by utilizing
additional hardware for adjusting the amplitude of charge and discharge pulse currents. The-details-of this-additional-logic-are
beyond-the-scope-of-this-paper. Ar trebui incluse detaliile cerute de Rwr 3 (7). Nu le vom include, ca sa nu dam de “gandit”
celorlalti 2 revieweri si pt. ca nu sunt relevante. I-am explicat in response to reviewer, mai ales ca ceilalti doi nu au cerut
asemenea detalii, doar al treilea.

The power management software, as a key part of the PMBoard BMS implementation, is schematically represented in Fig. 3.
It consists of a modular embedded application which must ensure three layers of functionality:

+ Battery State Manager (APPL layer): provides the measurement, storage and processing of the main battery parameters, as

described above, as well as the SPM command and response handling.

* Task manager layer: provides the scheduling and execution of the HRT (hard real-time) tasks, according to the

HARETICK (Hard REal-TIme Compact Kernel) model [24].
* Hardware abstraction layer: contains the drivers and interfaces of the microcontroller umit (MCU) and board peripherals.

1 ot
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Fig. 3. BMS software layered architecture.

The estimation software component, which is part of the battery state management layer, handles both the estimation of the
remaining operating time of the current discharge cycle as well as our novel SoH prediction algorithm. As detailed in Section 11,
the prediction of the RUL is achieved by first calculating the polynomial coefficients via the parabolic regression, and then
solving the second order inequality of (9).

Although this algorithm was chosen as a tradeoff between the implementation complexity and the available computing power,
its execution on the 32 bit ARM?7 platform had to be designed to tackle some implementation-specific problems such as:

+ the magnitude of the intermediate calculation results exceeds the 32-bit boundary and must be represented as 64-bit

numbers;

* the MCU architecture offers no native support for floating point operations; therefore the algorithm inputs (e.g. the battery

charge measurements) must be scaled and truncated to integers:

= the calculation of the square root of a 64 bit number is required for solving the final inequality, while the standard C library

provides a slow, inefficient version of the sqrt () function.

One of the main requirements of the BMS software is that its comp must be designed to be executed within real-time
constraints and that its duty cycle must be minimized in order to reduce the system power consumption. For these reasons, the
SoH estimation component must be implemented using all available optimizations, to reduce its execution time and memory
footprint.

The identification of the main optimization aspects has been carried out by analyzing the mathematical relations detailed in
section [I. We have found that the best method of calculating the four third-order determinants, in terms of favoring additions
and subtractions over multiplications, is the recursive expansion in cofactors using the first row [25]. rather than the classical
Sarrus or triangle rules. Using this method, a total of 12 second-order determinants will be generated. Another key observation
that we have made is that only 7 of the afore-mentioned determinants are distinct, yielding a significant reduction of the required
caleulations.

In Section IT we have mentioned that an immediate optimization would be to calculate the summation terms recursively,
without the need to retain all the previously measured battery charge values, thus reducing memory space. In addition, a
significant optimization of the processing power and memory space has been achieved by observing that, out of the total of 24
summation terms implied by the second-order determinants, only 7 are distinct.

As to the square root calculation, we have implemented an iterative successive approximation method, based on the
observation that for a given integer number of b bits, its square root is represented by at most b2 bits.

Considering all these observations, the implementation of the proposed SoH estimation algorithm for the calculation of the
number of RUL cycles (meu) is presented in Algorithm 1. Here, » denotes the current number of measured battery cycles, numis
the minimum number of cycles which are necessary for the startup of the algorithm, and As through A are the seven distinct
second-order determinants previously mentioned. This requirement applies to both variants of the algorithm and implies that the
SoH estimation cannot be performed until at least a number of n,,, battery cycles have been recorded. The minimum number of
battery cycles is equal to the time-window size and different values can be chosen, as detailed in the next section.

Algorithm 1. RUL estimation algorithm.

1:while not (battery cycle completed) do
2: wait

3:end while

4:increment n

5eif 1 = foin do

6: Calculate Swmy, Sums, ..., Sum; with (8)
7: Calculate Ay, Az, As

%: Calculate A
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9: Calculate As, As, Aa
10: Calculate A, Ap
11: Calculate Ay, A
12: // Scaling of A, Aa, An, Ac
13: A=A/28
14: a=(A, left shifted 20 bits)/A
15: b= (AwA) left shifted 20 bits
16: ©=(A/A) left shifted 20 bits
17: Solve (9) and calculate m according to (10)
18: mwoe=m—n
19:end if

The differences between the time-window and the history based algorithms reside in the calculation of the 7 summation terms
(Sum; to Sum-) and will be discussed in the following sections. Additional optimizations have been introduced and are shown in
the lines 12 to 16 of the algorithm. They address the numerical adaptation of the polynomial coefficients (a, b and c), due to the
fact that we are dealing with large numbers, which need to fit 64 bits, without compromising the accuracy of the calculations.

IV. PERFORMANCE EVALUATION

For the performance evaluation we have considered two sets of data. The first set contains the estimated values for the cycle in
which the battery capacity drops under a fraction of the nominal capacity, value for which the state of health of the battery is
considered 0%. This value is specific for each type of battery and usually it can be found in the documentation provided by the
manufacturers. The second set of data contains the real cycle number for which the capacity reaches the terminal SoH value
specified earlier.

The data has been obtained from cycling two types of NiMH battery packs: a GP pack with a nominal capacity of
approximately 2400 mAh and an aged Sanyo pack designed for 2200 mAh. For evaluation, a factor of 80% of the nominal
capacity is considered to be the threshold for which the terminal SoH is reached. Our experimental data shows the respective
condition occurs at the 85-th cycle for the GP pack and at the 69-th cycle for the Sanyo pack.

The cycling of the batteries through multiple charge and discharge phases has been accomplished using an automated test
setup, constructed using the PMBoard presented in Section III, and the gathered data has been used as input for the
aforementioned datasets. The batteries have been configured in packs of two cells connected in series, at a nominal voltage of
2.4V. The average discharge current for the GP battery packs has been 210 mA or 0.09 C (at the rated capacity of 2400 mAh)
and 420 mA or 0.19 C (at the rated capacity of 2200 mAh) for the Sanyo packs.

In charge mode, a total of 2300-2600 mAh have been supplied to the battery pack in each cycle, using the constant current
charging strategy and terminating the charge at the activation of one of the classical termination techniques, such as the "V
plateau” [14]. In discharge mode the battery pack has been automatically switched to supply a programmable resistive DC load,
using specialized hardware embedded into the PMBoard to simulate the typical current consumption of a WIT.

A.  Evaluation af the SoH estimation algorithms

The maximum discharge capacities for the tested battery packs have been recorded and the cycle number at which the 0% SoH
point is reached has been noted. A comparative depiction of this data is shown in Fig 4. The cycle number represents the number
of the test cycles elapsed since the start of the experiment and not the absolute discharge cycle of the pack, elapsed since first
use. Thus we can see that for the Sanyo pack the SoH degradation trend line is more abrupt indicating that the batteries are aged.
(2: la ciclul 70: 85.89% pt. Sanyo, vs. 87.55% pt. GP) => la ciclul 70 pt. Sanyo valoarea este de 1760 mAh, care este exact 80%
din 2200. Pt. GP am gresit valoarea de 2300, de fapt la ciclul 85 mai avem 1920 mAh, care este 80% din 2400 mAh, nu din
2300. Am corectat si in articol.
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Discharge capacity evalution
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Fig. 4. Discharge capacity evolution for GP and Samyo battery packs.

Two types of SoH estimation algorithms have been implemented: the time-window algorithm, with a window of size w= 25
and W = 30 cycles, and the history-based technique. In the first case, the estimation has been made using the values recorded in
the last 25 and last 30 cycles. For the history based algorithm the estimation is made based on all the recorded values, up to the
current cycle, on which the estimation is computed.

In the following performance evaluation of the algorithms, we compare the theoretical results obtained from executing the
algorithms in a Matlab environment, with the experimental results obtained from running the embedded implementation.

The experimental results obtained during the performance evaluation of the embedded algorithm implementation on the GP
batteries are represented in figures 5 and 6. The embedded implementation is different from Matlab because of the integer
arithmetic which causes rounding errors. There is also the problem of number representation. To suppress the rounding errors,
the algorithms on the embedded side are implemented using 64 bit integer representation.

As shown in Fig. 5, the history based algorithm estimation error approaches zero starting from the 60th execution cycle.
However, the algorithm occasionally produces gross estimation errors, visible for example between cycles 35 and 50. A solution
to improve the robustness of the estimation is to filter out the errors at the application level, by replacing the out-of-range values
with the average of the previous cycles. The RMSD of the embedded estimator is specified in Fig. 6. The deviation is higher than
the theoretical one, and has a maximum value of 10.5 cycles.

Estimation error for 0% SoH Point
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£
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=
a5 35 45 55 () 75 85
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Fig. 5. GP battcrics: Absolutc cstimation crror for the embedded impl,
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We have also evaluated the estimation errors introduced by implementing the algorithm on the embedded platform, as
compared to the Matlab implementation. For the first 20 estimation cycles the absolute error varies between —6 and 4 cycles. For
the next estimation cycles, the theoretical and the experimental results generate similar values. Fig. 7 shows the absolute error
between the Matlab and the embedded implementations.

Estimation RMSD

10
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Fig. 6. Estimation RMSD for the cmbedded impl

Embedded vs. Matlab estimation

25 35 45 55 65 75 85
Cycle Number

= o= "Window" W=25; —a— "Window" W = 30; —8— "History"|

. Absolute crror comparison between the Matlab and the embedded implementations.

Figure 8 shows the absolute estimation error of the embedded implementation for the Sanyo battery pack. Compared to Fig 5
we can observe that the initial estimation errors are smaller but the algorithm prediction accuracy is the-highest maximized
starting approximately from the 55-th cycle. Thus we can observe that the proposed SoH estimation approach is viable even for
aged battery packs.
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Estimation error for 0% SoH Point

Absolute Error [cycles|

RER
25 30 35 40 45 50 55 G0 &5 7O
Cycle Number

—0— "Window"' W=25;, =——t— "Window" W = 30; —8— "History"

Fig 8. Sanyo batteries: Absolute estimation error for the

B. Evaluation of the embedded resource requirements

As shown in Section III, we have integrated the embedded software implementation of our proposed SoH estimation
algorithms into the battery management layer. We have designed and implemented the SoH estimation calculations observing the
real-time requirements imposed by the WIT architecture while minimizing the additional memory and processing power
overhead.

Table I shows the memory requirements of the SoH estimation module in comparison with the total memory footprint required
by the BMS software. The implementation contains the routines for both types of algorithms, in order to offer increased
flexibility to the system designer. The three rows represent the comparison metrics: the total ROM (or Flash memory) used for
code storage, the ROM used for constant data and the total RAM for runtime data storage. All values are expressed in bytes and
the third row gives percentage values for the memory requirements of the SoH module implementation with respect to the
memory usage of the entire BMS software.

TABLEI
MEMORY REQUIREMENTS OF THE BMS AND THE S0H ESTIMATION SOFTWARE,
Memary SoH madule [B] % of BMS
BMS [B]
Code ROM 35936 3034 841
Constant ROM 2056 EH] 156
Data RAM 2624 176 208

These comparisons clearly show that we have succeeded in implementing the SoH estimation algorithms with a low memory
overhead, while also considering all the optimization aspects identified in Section III. We can also conclude that a complete
BMS implementation, which provides SoH estimation, is entirely feasible on an ARM7-TDMI platform similar to the one we
have used, because all such MCU platforms integrate a minimum of 64 KB Flash and 16 KB of RAM, thus becoming a very cost
effective solution.

The power consumption of the BMS is another important evaluation factor. The hardware design has been done with clear low
power principles in mind: using PMOS gates as switching devices for the charge current, low power and high efficiency buck
boost regulators (e.g.: LTC3401 with shutdown capability) and component integration. For the current BMS implementation, the
minimum available CPU frequency of 14.745 MHz is used and the BMS CPU time is 31%, yielding a total power consumption
of 13.95 mW. This power envelope could be reduced if lower power alternatives are considered for future development, such as
the TI MSP430 or the Energy Micro EFM32 MCUs.

Concerning the required processing power of our proposed implementation, we have done a series of tests to evaluate whether
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the resulting calculation durations fit within certain real-time boundaries. For this we have varied the CPU frequency of the used
MCU in steps starting from 14.745 MHz up to 58.980 MHz. We have also varied the window size of the SoH estimation
algorithm, from W = 25 to W = 40 cycles, in order to see the evolution of the calculation times for different window sizes and to
offer the system designer an area of solutions, in the CPU frequency and window size domains.

After measuring the execution durations for the time-window algorithm for different CPU frequencies, we have observed that
the maximum execution duration does not exceed 550 ps even in the worst case, i.e. at 14.745 MHz. This conclusion is
important for a system designer who wishes to integrate the SoH estimation into the BMS, because it proves that the SoH
algorithms add little to the real-time constraints of the system, allowing for more relaxed timing configurations.

To compare the history based and the time-window algorithms, a similar test has been conducted, emphasizing the effect of
the recursive accumulation optimization discussed in sections II and I1I. We have considered a fixed CPU frequency of 29.490
MHz and we have varied the window size as in the previous test. The results are presented in Fig. 7 and it should be noted that,
in the case of the history based algorithm implementation, the window size parameter expresses the actual number of cycles of
the battery pack, while with each increment a recursive accumulation of the summation terms takes place. Thus, we have shown
the history based algorithm offers a significant improvement in processing time, due to the fact that the summation terms are
only calculated once (at the 25th cycle) and the subsequent calculations rely on recursive accumulation, which is more
computationally efficient.

Execution Duration [at 29.4%0 MHz):
“Time-Window" vs. "Histary”

Cale, Duration [us]

o777 T T T

25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40

Window Size [cycles]
— &= "Time-Window" —&— "History”
Fig. 7. Time-window vs. History-based execution durations.

V. ConcLusion

In this paper we have proposed two algorithms based on the least squares regression method for battery SoH estimation and
we have adapted them for ease of integration into an embedded battery management solution. We have described in detail
several important optimizations required for implementing the mathematical algorithms on a MCU, powered by the ARM7
architecture.

The SoH prediction algorithms have been successfully integrated into a BMS solution developed at the DSPLabs (the Digital
Signal Processing Labs in Timisoara), as a central part of the CORE-TX platform.

We have conducted extensive tests in order to evaluate the accuracy and real-time feasibility of the proposed solutions. The
results show the history based algorithm ensures a more accurate estimation than the time-window technique, although both
types present a very good accuracy of estimation, starting from approx. 50% of the remaining useful life of the battery.

Concerning the required execution times, the recursive accumulation optimization produces a dramatic reduction in the
execution time of the history based algorithm.
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