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ABSTRACT

The state of charge (SoC) estimation for lithium-ion batteries is an essential
function of the battery management system (BMS) for ensuring reliable operation of
electric vehicles. The nonlinear behavior of the battery makes estimating of SoC a
challenging task. In this thesis, SoC estimation based on data-driven methodology is
implemented. In contrary to the model-based method, the data-driven technique
does not require prior knowledge of Equivalent Circuit Model. Long short-term
memory neural network (LSTM) is adopted for data-driven estimation. The Inputs that
fed into the network are terminal voltage and current, while output is SoC. In this
study, WLTP driving cycle including Class 1, 2,3 and mixed Class are adopted for data
set preparation. The training set and the test set are from different class. The
performance of SoC estimation based on LSTM neural network is evaluated through
RMSE value. The optimal number of neurons of 10 is obtained based on the lowest
RMSE result. In addition, the charging, resting and driving pattern are also taken in to
account for daily-life usage, the training data set covers full SoC range for accurate
the SoC estimation. The resultant neural network is implemented in the Raspberry Pi
4 for real-time SoC estimation using 60 time steps and 10 neuron. The system is able
to execute within 0.2s for 1-s sampling period. The RMSE of 0.67% is obtained. The
effect of temperature surrounding the battery on the estimation has been

investigated at 0C, 25C and 45C. In this case, in addition to current and voltage, the



temperature is also included to the input of the neural as well. The neural network is
capable of estimating SoC with 0.32% RMSE using the same data set for training and

test.
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a11130UTELUlAINAMNENNUEILINE SoC ey OCV Daudanisnisidenenisuseuia

anurUsey wilianusaussnaaniueUseualunmeIgnlde Leswin OCV @110

¥ [ a a o | | < A | . . . ] ada

MLANE931N7 LUALADS WK BURE AN NS 00Y luan1Ig Static Equilibrium d7u3d

Coulomb Counting @nuzUszam15aulaaINN158UNINIINTERATBIRUALABS LB LAY
J¥ |

a1 MUtz urUsEalvidanuuduglagliisnstidueg fuanuwiudvesuiges

Y
FanszuanazarmuRanaInEuAuYes SOC mewnidnludesdinisuiuiiuan SOC 1lu
A A 1 a = v ad v v
srusiiiefiazanAIANlanaIndsay elutdaguuisnisussunaaniusdseqnlasuns
gousunarleulduinfigndeis model-based [2] Ingd5 model-based dudoinsiu
dweinglulunavewunneineuiarrainsolssanaanusUseals Jelunaniienly
ABlUAAIRTALLAYBILUALAET (Equivalent Circuit Model) anntiudsussanaaniugusey

Tnelslyimatia Extended Kalman Filter (EKF)



TuAndnufianifaaueTnsUssnuanusdsyquounnesaifisulosauiing
3% model-based #9733 data-driven 10833 data-driven laisufudeainnufifeiu
TuinansasauyavesuunmssnAoufansaUssnuanuzUszld Tagldinalulad Artificial
Intelligence (A) WsnvaglunsuszanaaniuzUszquesuunined lagld Artificial Neural

Network (ANN) [3] &aiUSeutaiiousiu black box MifBINISUABUNALALLIANATINIUNIN

v

Joundlasewne Insliaulanssuiunisiaunieluiiviauegils Wewnyadeyad
Uoudhglassnedugadeyadisuniinuenuinuas SoC Naauzdagiulinnuduiusidy
Tayafiu SoC Nanugnauntn 3904 ANN vilanileafifidedn Recurrent Neural Network
(RNN) [4] Tun1suszanasaniugyseq 39 RNN dlasasneeaienu ANN Und uilitaunneng
A A < ! ! o/ ¥ o Y ¥ 1 LY 1 <

Aetimsiiumaniuzeuntwebilddmiudeudiglassivanuedagdu agalsiniu RNN
ldanunsaUseunananuzyselidianuududilafne Weenlidanumsdnssese1vinli

A 1%

duvayalugiansn Juaue Long short-term memory (LSTM) [5] TunsussanaaniugUseq

Y
i o

= o a = Ao ° < o 9 v Ay v
Fame RNN yilanileanfinsanunssdssevduiasszazedinlianuguszanlaainnis
Uszanauilmnuwiugunndsu 38nisuszunaeanuzyszalaedsnisdaunsasenlainduis

data-driven [6]

1.2 nsfavianeuazinguszeen
12,1 WiefnwngAnssuvaauninesaiiolessy
1.2.2 Wlefnwilasengussamiiion (Artificial Neural Network) uaznsi3ousids

an (Deep learning)

1.2.3 Wefnyidn1sussunuaniugyssuasiunmesaisuleoaulaalaseig

Long short-term memory (LSTM)

1.2.4 WiadnwnisunlutaalaserreUszarmieuluyinlmduass (Realization) Tu

52UUH4F7 (Embedded System)



1.3 ngufuseuulAanlilun1sivy

fesnnginssudldidudaduresuunmeiffiewlossu vilvniswilunaves
wunweTiietnlilunsUssinaeniusdssatuiduneugsenn Tnslasssyssamidioud
Felsiusoulumsuszinaruduiusiliidudadulneefoyadeyavosdunauazion dyn
Furumnteuinglassdne lnglidndudosiifvriulunavesnunnol fanansauszana
anurUszald egndlsfnu TumsuszanauanuzUszquasiunmoilaslassingUszanniiion
fugediussuszriiuagnssualiiiandudunaveinssuiunsussan nesadoya
fuulfidusunndududeyadduiferueminnuasivegfunanafmginssuilidy

Wadu vlrlassneuseamiien Long short-term memory (LSTM) HANMANNE @A

wundszgnaldlunisussanaanuzUszauanunmesaieulosou

1.4 YdUWANISIY

1.4.1 #nw101w1 Python as library TensorFlow i oldlunisadnsluinanis
‘LlizmmamusﬂszamaqLLU@L@@%‘T% LSTM

14.2 aaﬂLLUULLaza%ﬁmﬂ%memamuzmgaruaﬂmeméﬁ'

1.4.3 naaoudazUssiuyszaniainnisiauveslinanisussanaaniuglsey
YBWUAABSINE Root Mean Squared Error (RMSE)

144 I:umamaﬂaxmmamuzﬂwqmaqLLUmma%wmmﬂszmamauuiwuEhé’h
(Embedded System)

1.4.5 I:umamﬁﬂi:ﬁmmamuzmzﬁmaqufummaé dunsnUssanuan1Uszanlus

TWdfisasinisiwessaaudlniingag (Driving Cycle Source)

1.5 Uszlgvinlasuainnisiae

1.5.1 ansadnlanginssuveskunmesaiisuloau
1.5.2 arusarnlanisvinautazlasas19ue9lasedie LSTM (Long short-term

memory)

1.5.3 @u130a3519lunan15Uss v usUsequasunnes lag LSTM Laagned

YLANTNIN

1.5.3 lunalasagiy LSTM @1nsauseanaianiusUsequasiunings ot 19gneiod

LaZLIUE

1.5.4 81313083193495UTUA0 UL UTERUDUALA BT LA



2.1 wunmesaiieyleaau
LuRAe3 (Battery) AogunsaliadilvihivimeidniAundsny Tusuuuundsamuied]

nsondsuluii Fanszualndinainnisivadsundaandsuiaiidundsaulaia Tae

o

DIAUTENBUNANUDIDAALURLHBTLA T

- 17au (Negative electrode) %38 ualun (Anode) 1lutniiuszgaudnunaguas
~ ) aaa = 1 a & 1 & a aaa
WM UNNIu1ALIzYanlaneslannioug 1ITAIBUBN NI AUNNTEN

2enTLMIU (Oxidation reaction)

1 '
g a

- 47uan (Positive electrode) W welna (cathode) \utaivsgquindiuied

U a & a av o

waztil@viufiseniadiag SUBaNATaUIININITANEUENVT BN AU NS 8 TANTU
(Reduction reaction)
a & ¢ ! Y A A o o v
= arsavangdianinsiad (Electrolyte solution) Usgnauniginaeiiunnsavinle
Uszglwihanunsoauleuldunseninsauiniudiay
- WNuKeN (Separator) vutnusndumliiisenitetuandudiau ety

NN3aN99InAINAYT

a ' & o A 12 a . I3
wuameIdNTakUsoonidU 2 Ussinnnanae waadsunil (Primary cell) uagiwaq

Py aaa aa A Vo = ' = aaa v 1Y) Ve v a
16 esanufisenedifinvuldieaniasen luasnsainujisenaiidoundulavdldlaiies

ATIREY diuwadniend arunsadalseqbnihilmilavinldaunsaldlanalenss lodain

Y

v
=

Ufiseaiiinvulaaesiirnishieujisenadlutnmin wasufisealidoundu

wusmesaielesey dneglulssinvwadnivginaiunsadausyylniilvgld Fad

s v

Tassasraneluwadsall

- 978U (Negative electrode) 130 walun (Anode) Tianasusuiisngy wu

Y 9

wASIWA (Graphite) w3sunsilu (Graphene)

(% '
o

- 97u2n (Positive electrode) %38 wAlng (cathode) 19 Lithium Metal Oxide &

7 Metal Plasiivinanantaneiu Co, Mn, Ni vi3e Al



- asazaredianinslad (Electrolyte solution) lfviavatgeasunia (Organic
solvent)siufuindedifieuidudidninslan

- usiuuen (Separaton) Wilduwana@infifisnsusuinidnyiiain Polyethylene (PE)
%39 Polypropylene (PP)

- Current collector Hushinlniraldlunissaiuiasaieusn wWetnszwald

TlFau TeeYannuhun gdudiinlnd deadlanudrdulatuianduinwazdd

9 9

=

avu Wedastunisiansaumaaiiseningliinazdidninge Fetauanld Al

drutnauld cu [1]

omp
0 <4m

.....

dasds bod ot 3\

0
¢
2

current - current
coflector Q = X 5] collector

>
Graphene L Solvent LiMO, layer
structure molecule structure

5UN 2.1 lassaiakasnssuiunsinaungluead

YodluAmeIRLsuleoauvzAalsTy [7]

2.1.1 winmainuvenuaneiaiiisalossy

vanmshauvesuuameidifietlessuie nszudlwiiiAnanmsindouiivesssq
Li* TuansazansBidninlad Tuanszninsdaauuazdanan nenisingludu Solvent
molecule Tnsfimnndiiuvosasazaredidninsladluiuasuuvas uarluseninedivsey Lif
uwsniduazunsneenlulassadisndnvesdidningn iFennszuaunisiid Intercalation way

Deintercalation



1n3UT 2.1 sEndnenszuiumsiauvesiuaneaieulossuvnzagsey

a

didnaseunazUsey Lit asndounanntiauluduauin dwunssualiingluwadasivanss

PrufuRaN19INIseAsunUeIdannTauRaa1ndIuINtUE1au Tumanssduduanduve

<

Uszq Bidnaseunazysey Li asimdeunaintiuintudstnau dwnssualihnagluwad

EE

aglnaandlauludaiuan [1]

2.1.2 wunwesaisulosausiinaneg

wunimedAifienleseuudazeinazidondenutanlavedlfidudauiniy Lithium-
Cobalt (LCO) 19 Lithium Cobalt Oxide (LiCoQ,) #3® Lithium-Nickel-Manganese-Cobalt
(NMC) 14 Lithiumn Nickel Manganese Cobalt Oxide (Li(Ni, Mn, Co)O,) Taesialuuusnad
Aleulessuusazrinziisuntasdivsaglansdididuiavan drudravdimnnazld
wileurufiewnslid Fuunmesafienlessuudasyinfidnuazmuluwradufiuananatu

Fuagiuinesnisunmeildnuluiule [1]

Lithium-nickel Lithium-nickel- Lithium-manganese
cobalt-aluminum (NCA) manganese-cobalt (NMC) spinel (LMO)
Specific energy Specific energy Specific energy
1 I
Cost Specific Cost g Specific Cost ‘F Specific
* power power o power
&
Lifespan 1 Safety Life span Safety Life span Safety
Performance Performance Performance
Lithium titanate Lithium-iron
(LTO) phosphate (LEP)
Specific energy Spedfic energy
Cost } Specific Cost Specific
; power power
@ 3 A L4
Life span Safety Life span ' Safety

Performance Performance

JUN 2.2 wuawmeiaiieuloseundazyinnfesldlutagiu (8]



A15199 2.1 AENVILAZAIAN

BAZAN

o w

NAAMNUNLNULUANBIaLTIeNloaau

o o A =2 d‘ (% da (%
yAinAuAlunsAnwRgtuluanesaienlosol LanIRIRISS

[

= [ da «
ArNEINULUALIMBIaiauleaau

NN Vet AIAAIY
AIILNAITY Whike | wdssruvesuunne’ donuasu it nuiouuing 9 ueg fu
(Specific Energy) Wh/L ﬂmé’ﬂwmmaﬁaﬂmﬁmamwma’%‘lmzmsmmﬁuﬁa ARGRRHE
ndsauila1gauunned 8 dldelduiu widuey fuimdnuie
UBNMSUDIUUALADI Y
Agmadbin Wikg | fdsluiinvasuunineifinueanuidentasuivinviouiunes
(Specific Power) W/ %uagiﬁ’ugmé’wm%aﬁaqmﬁsuaaLLU@L@@‘%LLazmmiﬁ;ﬁUﬁa W
farmusunA e MUAmeIluNsUITIngUIsasdnnsldey was
JushimusiuunneiannsndayUszquazagUsyqlidauvinls
AHNENY Ah | Uinamdssnlaihdiusseedlunuame’ fawwihdunszualidinid
(Discharge Capacity) ‘vm"mLﬁuLLamLU':fqmﬁ’Unmﬁﬁ%mmﬂwﬁ"ﬂm Tuvauziinunnes
Jrenszualitinifianudedndasi
SNIIN1TE C nszuabiliafivnseenulnediulvguanadie Crate Waisusy
nszualni ANt UMned 1ey 1 C vinedanszualiiniivinlyiang
(Discharge rate) Uszqeensumunnigluniladilu fedudn 2 C vanefenseualnih
Ah/2 vildeneusygeenauvsnmeluniedalis
WSeRUMUA V Ausaduedslussininszuaunsaneliesnaununvesiumae’
(Nominal Voltage) legrenszudliiingnedng 0.2 C nsdrumnuunmesadiesloay
fussturfvunegiiuszann 3.6-3.7 V
ANUYANA Ah Uinamdssliinfiussgeglununime’ lunszuaunsineliesn
(Rated Capacity) unuaodnenszualiiindiesns 0.2 C lagdiuuinuunine’
Aifleallepuiinnugiiinogfiuszanas 3,000-3,250 mAh
WS ULUA9RS Vv ussulihszminedadidninsnuanuazaudioliilven
(Open Circuit
Voltage)
ussusEhetn v ussulihsemiedididninsnuinuazauidodivas




(Terminal Voltage)

ANUANUBINITANY
Uszq
(DOD - Depth of

%

o av v s ¢
Augndsuilagnaigeentiuansiuleswudveninug

NAIUGIFAVBIUUAADT N15A8UTERIUNT 80% DOD wizendn

a1 [

N13MeUTETIEN 9 DOD AwdlA iy 1-SOC fewguriy

Discharge)

WSITUIU/UTIOUAR Vv LLiqé’uq@ﬁwaiij’m%ﬁlﬁﬂimmmﬂLLazauszijﬂszmums o0
(Cut off Voltage) n3A18UTEy ﬁhLLiaﬁuﬁJSquQﬁUé’mwmié’w%amwssq way
an1uzUse (State of Charge 130 SoC duAedriinssdruiu DOD)
uazsinazdduanieanussdiuimundniios Tagdnsnuunnes
AiienlooudnananlsIUgRa NNTTUITANUALIIAUIVDY T

2.5 V uinanldnussimunuseuauegi 3 vV
91 Cycle | Frununsslunsruseusauszquasaiossqnoud asgolds

(Cycle life)

Ansannsalunssulszadnsuuunnaivlindnuszylula dn

a v o o a | °
ua’ml’gl,maﬂ’gmqwawmammmaa 80% V8IAIAINUYININUUA

Usganinmiagaeuy
(Coulombic

Efficiency)

8n31EuTu nuanudu oIuA109A N NA MU AEUSTY

FBAIANINAN UYL TINUTEY

2.1.4 ANANYAZIANIZYDILUAMDSATIENlaDaY

o
URLART

AEUDAUINUNE

[

3

a Yo a ¥ I | a
Peulossulasuanudonlunisiterusgransviaie Wesainusenauld

- AMUANENIUGY ANLINEIURUTIRsuAzdmTInlusEAY 500 Wh/L ek

230 Wh/kg Maua iU

1 '
a A

- Pssaiulunsidnugniuunneimienivindu 9 wsssuivuasiewadys

Uz 3.6-3.7 V il Uulsesnuivunvewunines Ni-MH agi 1.2 V @

11NNI04 3 WIN

o w

EANGH

Inifinasuseunas 2000 W/kg Frelutnenardudly

- msgeydeusyuarlilaldeu (Self-discharge) Auiles 2-3% saliou

- 148l Memory Effect

- fvwadnuastveniun

- AsEASMmReRaauUad eu 100% aINTaUNSITIUATIUSH




21gn15lda1u (Cycle Life) avannsaldanulauinndi 1,000 sou

anansoviuladtug g iinning (25 °C s 45 °C)

dAa Bv YV Y [N v o &
LL‘UG]Lﬁ]’eﬁaL‘VIEJiJ‘lE]E]’e]‘UﬂEN‘SUE]WE]EJ@QL%UﬂUWQu

a a I3 aa ] = o & ¥ a Y] a A a A a
Ailsudusinifaliite 3edndudesiiiasdasiuuunnesiionanideanisiia
Exothermic reaction 31NM38AUsERAUINIAYINIMAR Thermal runway

v aa a o Y] a a 1% PN |
mslduiunnesigamgiisn wavn1sdalszyiuvannifulumenseuainas dawe
TitiAa Lithium Plating
gaumnifinadensldaiu mngamaigauiuluagyilivinlvianuduniuniely
LB dralilunmeIid@enan nligedy

mdegeaniuunmeiviinduniniieunaisie Wh

2.2 FUUIANISUUAMDS (Battery Management System)

SYUUIRNSUUALAB] (Battery Management System) 5o BMS tdudsdndudmsu

N135U509AMUYRAABYBILUALNDS kagyiTMUINUTNITAANIINTOATUANLINB1YIUTI]

nUTTas

[

a1l

Protection and Safety: ¥383usatanuuasnisveswuinuandnsigain
Iwhge wayAaasniBvesluAmeINANRAUNAYMEINAIY WU n158n
Usgaiiu, MIMeYsEany, mﬂﬁﬁmuﬁqmmﬁqmawfﬂLﬁul‘d WALNITANITS
AgUeN

Performance: Usgnaualunaieifandueifiwy aa1uslsey (Stage of
Charge - SoQ), @nnuggunIn (Stage of Health - SoH), an1urn1ag (State of
Power — SoP), @an1ugWad1u (State of Energy - SoE), Cell Balance, Cell
monitoring LLazguﬂ

Cycle Life: @naunsauszanuaniusdunin (SoH) LLazawqﬂWii%’qwuﬁmé‘aagﬂimaa
LUALABS LADE 19U LT 071 93 A1N1T0ATIVADUAUAINYBILUALADT L1

d@auannwluunndesfisslawazdiauisatiunldnslaanuisly
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Control signal (Thermal management, etc.)

Temperature regulating device

Data collection

i and calibration
Voltage CAN
Analog Battery Pack
Current signal ——
i -S0C
Battery Pack Sampling CAN -
Cell Voltage circuit Gating - SOH ) I::Splay .
signal - SOP instrumen
Temperature - RUL
CAN Vehicle
f———
! Battery Management system ! controller
! 1

Strong electric control signal (contactor switch, etc.)

5UN 2.3 urulansvinauvesszuudansuuames [9]

szuudnnsiuawesiUSaulaiiauatasnalun1sinnIsiarALanI s UToUALADS

FaJugudnanaueszuuLUnN 83V Mun 1n89s5IUTIUayar e ges AU wuwes e

nszualii, wuwesiauswiuliiy viswuwesingamll A1ntuariINsUTEINANAK Y

9anasANsAe Y antuglszy (SOC), aniusduniw (SoH) 139 an1usids (SoP) wag

LAAINABBNUINIUNTNTE YSedrunTadsteyaliuaninavurenduisle Iaeld CAN (Uu

mnanslunisdeansdmsunisdwmaziudeya nduiugiundnduvesssuuinniswunnes

Usenausg 1]

Sensing and high-voltage control: BMS @esanunsadausssiulni, nszualnin

LLasqmmﬁmauwmmaﬂﬁ wenNiideResansansIadunuRaUnivesns
woniunisliihseninedauanvidedhauifu Chassis sround, N1sAIUANABLLNA
weslusewinansdeviesadnfiuuunee’ uwazsruunsdnnisauiou

Protection: BMS #esuszneuseszuudidnnsefinditeundesfuitfnmuain
LUALABIUULINL WaEAILUALAD318991NNTEAUTERLAY, NMsmeUseiiu,

nszualiiniy, nsdniasvemunnes wasmsldnungamgianiuly

Interface: BMS dio9d oansidulszdndurenuasiiuaninatoyaiiaaduyn

¥
A

dl U o v dl = 1 U = dl U
BURLRNBT I@IEJi’]EJ\‘i']UWﬁN’]ULL@Sﬂ’]ﬁQlWVIL‘Viﬁ@’e]‘c;JJ HAEAIUITBULNYINUADTUL

YOUUALADT UanINUadestuiindeRanarniiaunAvseivsnisainisazilinly
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mheeusians Wedmiunmsidademuiauniiiety Fwenedamarinliiin
Saseffununne’

4. Performance management: BMS Aasanansausyunasaniugseq (SOC) ves
M LGk sauﬁqﬁwmmwé’wuﬁmﬁaaajmdmwmma‘%‘ LAZEINUITO
USuannasEnIaead UYL UALADS

5. Diagnostics: BMS fiada13u150UssanauadnIugaunIn (SOH) vaauuniaes 53ud

(%
v o o

N13RTIVVUANRAUNG Lqﬂsﬁ‘u aﬂmmmLﬂumawiuLuuamuymamﬂmm

(SOL) YALUALADS

2.3 @ana1uzdszy (Stage of Charge - SoC)

an1uzUszq (State of Charge) w3e SoC AoszauUsunauszyuadumnesuanalu

q

LY

Wedldus Jsamnsamlsaineianugiidinamdsegueaumnoiifisuiuaaugiiinves

LuaAe’ deirmnueiiinvesunmeianansansulsngnan WouummeIsnusyaiiu SoC

(%
(VY]

FAYINU 100% wagwiniu 0% LuaLLU@Lma{LmUivﬁ]mmaaaa FraviudegndudesUszana

Y

anuzUszalitianuuwsiugiiiosusosanuaon deveuumaei tilosananiuzUszqld

a3 inlalaenss ?Na‘i’wLﬂuéfamﬁ‘ﬂumiﬂizmmamugﬂsz@ Tnemalunisussanauaniuy

dd

Usgaanunsayilavainvaieds F9357Nsukasunsvagae 33

v @

iunaeuy (Coulomb

Counting) kagIon13UsAULTUA995 (Open Circuit Voltage —~ OCV) [2]

2.3.1 A5auunaauy (Coulomb Counting)

v
FSiugaeut W5038n339uNTEUE (Current Integration Method) Ju3s7ignld

Annas SoC lagihly BBderfenseudnseualuiailuasuuunines mﬂﬁuamuzﬂizq

a5l 1NANTB U LNSANT A A1V L UMM DS B UNUNAAIdUNISA 2.1

S 1wt

SoC(t) = SoC(ty) + 8 (2.1)

Rated

il SoC(ty) Ao SoC s, I(t) Ao nszualiinvuzdaniaaeuseqlviiuiunnes

WaE Qrateq AD m’lmf n maﬂLLumLmai (Rated Capacity)

[
1

nsUszInaanurUsElidauuluglag 3adtunasuy Juegiuainuutiugives

Y

2V

wuwesinnszualiiuazaianuRanaInsusiures SoC memaisndudedinisuiuiiey
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A1 SoC 1WuszeztianazanAIAuRaNaInazay il SoC Nlaarnnisussuiaiaiu

gnABdLarIIugNE Y

2.3.2 35n15u530auUA2935 (Open Circuit Voltage - OCV)
FBussiulaaasaniusysyanansauszanald NnTANNFURTUSTENIauI Y

UanaasivanusUseuasunnas (OCV-SoC curve) daussulniintnisaslasunanseny

[
B2 1

1M75N5U9emABNIS

1%
° w =<

ageildeddguInTuainnseualiinvesuuninesuazgungd fa

Uszanaaniugysey wiegelsfinumnagldisnistiuunmeddeteyluaniiziniouly

Qe

a

a1 (Static Equilibrium) nandswusmesldlaneniuluandunaiuiy faluisnsidls

lanunsaussanaanueUseqlavasuunnasgnliau

Tumamussiudaeasiuansunfanansamlann A1eagueInsINkIwuEnin
TvnrdalsvuazaglTzymenseuaasiinigluanienanusonivauls antuaniue
Uszannsauszanalaanns musuiieu (Lookup Table) %83 OCV-SoC curve Uanedisgy

enUsean 4.2 V Tuveuy

ee

7 2.4 Faauiuldng SoC Wiy 100% Usesudaneas (OCV) 9

7 SOC Wiffu 0% ussFunlnaeas (OCV) axiiAmuszana 3 V

el

Charge Curve

| > OCV Curve )

Discharge Curve

al Voltage(V)

50
State Of Charge(%SOC)

JUN 2.4 nsmlanuduiusseninuswiulnieas

fuauzUsEUeIUALAEd (OCV-SoC curve) [2]
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2.4 Uyeyszheg (Artificial Intelligence - Al)

Haynusedng (Artificial Intelligence - Al) Wuraniuuamis Fiandaus a.A.1956
Judesiigadunsfnuidouagiaunssuunoufiamesnuiednsnaliiiauannsasu
aamalumsFeud awnsaand) uonue uazUszsnanatenn nm 1dee Ieegininis
WU N5ASIUEUA, N1TaTIeENRING, NMIATITEUUUTTANTUTIRBULUUNYYY, NMTase
FEUUNTHBUAUAIN, N15UTENIRNTBISTINTIRvRIYEE, M3Yaedndula, n1saianisal,
Mg wiensiierlsnneg Afnsdadulaunuiyed mailiusuddeansldneudu

uywdla “1av

Machine Learning (ML) 1Juransgesuvuivilaves Al nvhlineuianesusoduss
NAIANTISSEUFINVBYANTBIINNTEUIUNTEEUIAILLATITNIAS Wit A Tuulgly
N3RS AANTsel Vsedulafeudadie q lidu Al Wu mswanadaya, n1suugd, M3
U a I I3 al U A Al 1 Y1 . . [
andula, MImuRuiueud 1383303 %398 9 nea13na1liI1 Machine Learning 1Ju

LY [

drudrAgyRatuauunisinnuees Al A1la

Deep Learning (DL) Lﬁuﬁ’lamﬂwmdaaﬁagﬂu Machine Learning andumils &l
ety Machine Leaming Aovhlvioufiumadiinmaiions udiianusiumn
19971 ws Deep Learning liign1snssnaiinanuuzlassungUseamiiion (Artificial Neural
Network) Saaudnnanedu (Deep Neural Network: DNN) #t8gunuumsyieuesad
Tnssdheaues Tngluinerdnusianiaziuluil Deep Learning undn ewniinisld

Deep Leaming 1n¥1glunisussanasnugyszalvllanugnisuaziaiug)

s

gﬂﬁ 2.5 nwsimnvastdguszhivg (Al) [10]

LS



14

1 Machine Learning uaz Deep learning #neiiganysvsnaifgdnuae n13vinli

szuuRRNImesvEeauainainouslinienues udhanudivaiiuuldnude wind

AULANANNAUBY UNe Lagueend 10819983015 Weulusunsuwuusialy (Traditional

[

Programming) Wisuisuiunsly Machine Learning ey Deep Learning fatd

Traditional Programming

Data (Input) ————

) Computer Output
Algorithm

(Program)

_—

Machine Learning = . \

Data (Input) ———

Program

Computer (Model Inference)

Output

Qutput' s\ 751

Deployment

JUN 2.6 nsdeuwnsukuunalliUSeuiieuiunsty Machine Learning [10]

nsas s eldeulusinsuundnaly (Traditional Programming) S38n15A8 AWaIwW

Y

V%@IUiLLﬂiNLN@%Q%VTWﬂ'ﬁ'ﬁ'J‘Uﬁ'Jll ﬁﬂﬂqalﬂiqgﬁﬂﬁﬂg{@ﬁﬂqi SWEJ@%L%EJWUE)NW LLAYINYUAY
a 44' % o A & o aa ° A v a = S @ a
bDYNBDU € NTOUNURADNNTININUAITNITAIUIUUTEUIANANTIBO ANDINUINNUUNLVEU

TUsunsultin1sviureIaaInauNfeIns nanaenwaunluauas1ausunsuludiuves

Y

nsmwiad Wouly n1sanaulanis g sudnvazau Tudrutunounisldaulisunsu Weld

dune (Input) WlUuszananalulusunsuaslanagnsiendnn (Output) eanuiaakandly

q

UN 2.6

&aN

198 Machine Learning fiA273Lans190 399 ludiuve9lushasuanvinn1sA1uI

Uszanana nsivuadoulvesiusunsy msandulanieg Wumiloududuauesmanves

a

lUsunsuvIenizenia luaa (Model) azgnasislagasuiiames lngsauiaziiyndeya

(%
Y

(Dataset) vis7vdudau Data (Input) uaz Output (Label n3e Target) Whlulineufinnes

= Y o g . a v = v a s v
Liﬂuz LIYNNTETUIUNITUINNIG Train, N1TdADU ‘Vﬁ@ﬂ'ﬁﬁﬂ&lumﬁ)iﬂa LW@I‘VM@NW?L@@iﬁiWQ



15

Tuwpans oas19auesd Ui wWialdluinaiinainn1stndunal Aanuisatiilumailluyiuie
dnstueuansaluls Inen1ssudunaailniidiunantudadiluussananaly Model

Inference @slunaagyiungiaIannaanuAsanslugun 2.6

[

yadoya (Dataset) NNl Train nsaunlURndulvinauiamesiinnIsSeus iy

9 Y

% v

wfpsfnvzaAutayai Junmudnvuea (Feature) 1o9tU SEUUTMUNKENLEZULUINY
Y Y oA o vy Y = oA
duligvinu audnvaziuiansalduenueglafe vuie, dnvugiuden uavd vie ssuy
o [ v Y < 1 = A4 a A ] o v A
uunlarfuuin Audnvuesuidauigy Jvmiediasu 1av Ussinudrdyae Tu

Machine Learning maﬁum%’amﬂa Feature (Feature Extraction) ﬁ%@?’nﬁumﬂ%uuwé

Tuveii Deep Learning #7415091N15158US wagA U1 Feature (Feature
Extraction) l¢faesaies nedlidedduyudane selaseeussamidiounansduiu lu
szuvuunuenuezyafun aunsathsunwdawiewndeudglassieldias Tnedl
sududommdnvazidunoumy 1 da3u Wil S Deep Learning 2¥Nn15AURY
Features MilosUTeutatiouiun1siseuianguninlagnss Fapdnetunisiiaawinlaenis

P LY =3

10wl waadnuanindfowns einngialvigududnuendfifeaiin asiulad

q

Deep Learning finsvisiuadteivaussuyueiluagiaun

Machine Learning

] Prediction Car
|Q‘ =) - ([ =) j—
e ” || ® Not Car
Input Feature Extraction Feature Model Output
(Human)
Deep Learning
Prediction
oy = end Y
Ol Not Car
Input Output

Feature Extraction + Create Model

gﬂ‘ffi 2.7 N38UIUNITVINUYDY Machine Learning waz Deep learning [10]
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2.5 Machine Learning

[

Machine Learning ansnsauuseanidu 3 Uszianaadl [10]

- Supervised Leamning: M3i3guiuuilfaau
- Unsupervised Learning: nM3i5euiwuuliiiiaeou

- Reinforcement Learning: N33 U3HUULATULS

Meaningful

Compression

Structure
Discovery

Image

. Customer Retention
Classification

Big data

Dimensionality Feature Idenity Fraud
Visualistaion

X Diagnostics
Reduction Elicitation Detection

Recommender

. Unsupervised Supervised
ystems
Learning

Advertising Popularity
Prediction

Learning Weather

Forecasting
P1 : Regression
ac h I n e Population

Growth
Prediction

Clustering
Targetted
Marketing Market

Forecasting

Customer

Segmentation Learni ng

Estimating
life expectancy

Real-time.decisions
Reinforcement

Learping

Rgiordafatin Skill Acquisition

Learning Tasks

g‘l.lﬁ 2.8 Usetanued Machine Learning [10]

2.5.1 mslFeuiuuviidaeau (Supervised Learning)

\unsBeuiuuuidesiinisaey Tnenslireniamesisouianyadeyadivndily
Hnelu %Q‘Qﬂ%@%ﬁﬁﬁ%‘ﬁﬂﬂﬂﬂDJ‘L!L%‘Hﬂ’JI’l Training data %30 Training set LLGi‘Q@%'auuaﬁﬁﬂU
Hnnudiosd Label fulinae lny Supervised Learning a@unsauvseanidu 2 Ussiandes
I6igtail

- Classification (M3suunuszaam) Aenssuundeyaseniduussinnsneg sud

Label muuald dalumaazlvdmeusanunidu Label #Sa Class 1iniju T

aunsalidmeufivenuiieain Label Tuganiu wislirinausenundudn
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v a A ¥ 1

aviisinumsdmnald wu mswenmeindugndmierue, nmsusnuszindu
LUIVTRATY 18

- Regression (MTIAT1giN1Tannee) Aen1suiBunadn lulniuwaglvidney
ponduinasiniu dneulsiannsnesnunfu Label wio Class I 1wy ms
ynemstuasaiy, maviuenisldidagavlueunen viemsviunea

yuenanils «a

Y

2.5.2 miﬁﬂu%l,mu‘luuwaau (Unsupervised Learning)

Y

=%

JumsBeuiuuunlidesdinisaeu negadeyadltlunsindulidndudedldyn
Uayail Label 3958031 Unsupervised Tun1svinnulagteutayanineanisiuig a1niu
lumaszinnisuszananateyaliies Sn1sEeuivuuiazniuluimsieszideyauinnii

[

Ine Unsupervised Learning @nunsautsaanidu 2 Usstnngeslanail

v

- Clustering (M33anguvestoya) Aon1sdunguvesteyanilanwuglnaifeiu
& I PR . . 1y & v & aa v |
Junquideniu damsudenguludnuaziagldinugiunisadiwiungae

- Dimensionality Reduction (MsandnuauilAvesoya) Aenisanduiuisiiedy

[ <) A o 1o @ v @ Y v = [J 1% v
satoyalunalnimilvlidnlusesnudeyaliasy windieuisadnuundeyals

2,53 a1siseuiuuulaiunse (Reinforcement Learning)

& = v 9 9 v g v a =~ Y Y v Y |

Juszuunisseuinondenislounduuaiinssuuiianisiseniudiusud oy
JEUUNTIITR UEUA Suusnugudonsaulunauwsny antussuuagrinisteunduud
edoy a1 lun1snseiinusvuseaes alunanvueudaiuisansedalaogned

=
LEANYININ

2.6 Deep Learning

a01Unen35u99 Deep Learning YsznaunaslasetneUszainiyion (Artificial
Neural Network — ANN) 1Jusialaddyvesdanesiiusneg fldlunsussanana Selasedny
Uszamiisntinannisuiainszuulszamasmnedininel Tngluaailnenssuves Deep
Learning Wenmilea1n ANN wdadilasaineussinvdudifisanesfiuamenisdnuinune
Wi Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Generative

Adversarial Network (GAN) TuAneniinusiauilaziillusi ANN wag RNN Hundn [10]
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2.6.1 TasevngUszamiisy (Artificial Neural Network — ANN)

Hidden Layers

Input Layer Output Layer

sUN 2.9 laseairavedasaigussamiiiey [10]

[ o
I o

Tnsunflassinsuszamifisudseneudae 3 Tufeduduna (Input layen), duteu
(Hidden layer) LL@%%UL@WﬁW@ (Output layer) §afsunsinaslunsasdufowadusyam
(Neuron %8 Perceptron) InglasstneUszanmilanaunsaimuamnuinuestu Hidden
Layerlﬁ%ﬂﬂugﬂ%ﬁdﬂmauﬁamuﬁ Deep Learning anansavialas Machine Learning Tl

aunsavinle

- Input layer: Mmtilun1sSutdeyainunlulassigyssamiiioy lag Input

Layer %Lﬁﬂﬁgulﬁmwhﬁ?ul,t,azﬁwﬁﬁéﬁagalﬂé’q%’u Hidden Layer @sluusias
wadUszamaziansie Feature Mdoudnglasstng

- Hidden layer: Lﬁu%uﬁagizudwq Input layer wag Output layer Fmdtlunis
Sutayaann Input layer WhanUszudana lag Hidden layer anansaiivunady
Snvossiuautulamuiidesnis JansifindundoanaessiuiutuLas wad
Ussamazdananaused@ns nannisvinauaeuea Tun1svinauees Hidden

layer Wigualoudiunisouivayaiindasendt Deep Learning ules
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- Output layer: Wudugnvinefisesuaain Hidden layer uvinan wiauansua
< v 6 Y & . o < Y 1Y
Wunaansoonun (Label) lnoawlu Regression mnauazesnuiusiay wion

1 Classification Amauazesnudu Class

lupsihanwedassiguszamiiisuaulilendnnesnin erdendnnismadnemans
Tun1sAuIkazUseuana 39U88nA18819lUN1585UN8NITAILRUNITNIAMAAIANS VDI

lasangUsgamiisuiidanududeutesngafediuiuwasuseamlu Hidden layer Liies

¢ a A A a oA P .
WAALAYY NIBLINBNYDNUII Single-layer Perceptron

X, b
ag G .

x G —0) -

2 \ \ 1
W AY o _

®

e Summation  Activation Output

Function
XI’\
Input

31]17! 2.10 Single-layer Perceptron [10]

9n3UT 2.10 aznuldnlududunnusiavwadUszamazsuaainusaz Feature W

11 Tngagdanuimin (Weight) amay &9 weight azidudiimuaainudiAyveaduns

4
v [ L

naAeIdUNAMITL weight annivzlinnudidgyuardwmansenudalinaiin wananids
=) . = [ v o o v a = . =) [ (3 19 3
11 bias nsailudyrgusulunmsauindngula 39 bias aelieglunnwaduszamentiuwad

Uszamlutusunn
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lu Hidden Layer aufuduiildlunsusyanananiendindans lagn1ssuaiain

'
v a

dunpiauiu weight vesusiazdtunTIniue bias MnuuddlUuszuianauazindulalag
Activation Function @saziiulsinaunisadinmansililulassineyssamifion dsngiuun

INAUNSLEUNTIT I waRIRsaun1sealul

y=mx+c (2.2)

s=Y'wix;+b (2.3)

Ing w AsA1tnuiln (weight) lWisulaiiounual m Tugunisidunsiuas b AsA1tqe

Jsuluniseungnaula (bias) Wisukadiaunuei ¢ Tuaunsiaunsa

Wothnaswluaunisy 2.3 lussunanavazsaaulalaald Activation Function @9

Binary step function sauansluanns? 2.4 Wulnasidnaula (Threshold) FeiAdusananadl

anwauzilutuiule 2 Amfe dwusuvesaunslisiuinniaa Threshold agliandnmdu 1
2 a0 v 1 1 v I3 < 1 A '3

ILANINATINVRIAUNITUAIUBDENNINAT Threshold %T,mmmwmﬂu 0 NANIABLBNIANAHIUIIE

@ ¥ 1A [ = 1 al o 4 ' . 4

Juld 2 arde 0 nu 1 FelulaseieUssamifionaunsaninua Activation Function 19

winzaufvanyaruTndsthmnewasieiwma L deInla

1
=, (2.0)

Activation Function %38 Transfer Function fin7ludinuszaianaaunsnasiy
YosdunmLas weight 391a4 bias Liladnaulaitersnnasoanududiezls 3a Activation
Function Mltlulaseingysyamiienivainmaieguhuu uazwuulanuazisununnmeiu

Fimihiludnuasieaiu Aedunaeidaduanadnsvenerdnm



21

max(0, x) ;(l . -i(\) r+ o ) max(0, x)
y Swish / SELU
vabr >0 d o(max(0, z)+
alrexpr—1)ifr<0 1 +exp—x min(0, Jlexpr — 1))
SoftPlus Mish / RRelU
l f \ i \ oz 0
3 log (1 4 exp(3x)) “'m"(_" lox {12 ,Xplu,,) { RS 0 ik 4 Bl 4
HardSwish Sigmoid SoftSig
0ils 1 Az
sHL>3 WARLLLEF P Pl _—
o + 3)/6 otherwise | 1 + (',\'p(‘—.") | I - i.f‘!
Tanh Hard tanh Hard Sigmoid
tife >a 0if r <
hito<? 1if
tanh(x) r otherwis £/64 142 otherwise

Tanh Shrink Soft Shrink Hard Shrink
oA il A x> A
g Aaibr' e P L=\

e l(lllll(.)) (1 othorwise

) otherwise

g‘dﬁ 2.11 Activation Function [3]

lulasavaguszamien Azl lidslaanlumadauusiugunndesualuu g
sanesfiudltlunisyssanaauudugvesiunane Loss Function %38 Cost Function 18u
HanduildlunisiSoudisuidnailaanluwaiazioianma1ase 84 Loss Function A1
deslunanavddanuudinn lussninsiadulumaszendedane3iin Optimizer €1

] d; o ¥ d' o o U . | . d' d' ! v [ ¥
11978 FaviutnlunisAiuiulua weight Wagen Bias lsusanuwadUssanli
Winzau Wil Loss Function denteeiian @ Optimizer Nfiexldlunisindulunalawd

Stochastic Gradient Descent (SGD), Momentum, Adagrad, AdaDelta ez Adam

n15La9N Loss Function waslunalinunzanduansazaiu daudiAgyogee s
nsEndulsaielilunailasenuniinnuudugiunian Fsudsenn Classification 19

Loss Function 1du Cross-entropy Loss @3147uUseLnn Regression \Ju Mean Absolute
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Error (MAE %38 L1 Loss), Mean Squared Error (MSE %38 L2 Loss) %38 Root Mean

Squared Error (RMSE) Fauansluaunsi 2.5,2.6 way 2.7 auseu

Mean Absolute Error (MAE)

MAE= - ¥ |y9| (2.5)

Mean Squared Error (MSE)

o
MSE = - YLy (v;-9)° (2.6)

Root Mean Squared Error (RMSE)

J &t »
RMSE = - i, ¥,-9) (2.7)

2.6.1 Recurrent Neural Network (RNN)

Recurrent Neural Network (RNN)-ilulasstheuszainiiiensilanila Aldiudeyaind

o a o v 6

anvazludogadduiifiauduiusiu (Sequnce) Wiadoyavilndiuwian (Time series)

WU NTIATINIIUIENITVUAIVRIN L, N1TIATIZINSTaNeInTalanaluauIAn %38N13

'
N o0 W o a

WUgAT WY BuEATAeRNiAnan | love wdrseuuuuzihdsalUlidud1in you

an1Umenssy RNN flassastemarenulassuiguseaimien (ANN) Un@ wadlee

uwnnA19AUABNIsUNAEa UL N e UKL (Hidden state nauunun w3o hy,) Wdouldng

Y

lassnganuetagiu lngaanaetagduaiusadiwialaain nisihAaniugnouninu

Uszananasiuiuteyaduns o Ja0u uansisgusialyll
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gﬂﬁ 2.12 1A5985719909 Recurrent Neural Network (RNN) [10]

njUlasvas1mes RNN axiuladn lunmsyiauaseeudniidnuu RNN isagad
= ! Y @ [ a i = ' =
A7 wsikanslyiliun1singu 3 seullendmyiusaueenin (Unfold) gdluudatseuaziinis
1A weight Y04UNA (W) ANUBUNALAE weight Yasantuglagiu (w,) andumanuy
Aounin 3w bias (MNFUITeualAT9@FIv03 RNN Usenausae bias meusaziiuld) lu
Uszananaiiadadum weight Tinvaaugsely lnenisusyananavesan dnenssy RNN

ausawanslaseauniseelUil

ht == fh(wi © Xt + Wy, © ht-l + bh) (28)

¥, = fy(Wo - hy +b,) (2.9)

TggaUNISN 2.8 way 2.9 Aeaun1sNglunsAuImaAIdanuy (Hidden state) wag
1N luusinzsaunuaRy e h, Aor1aniuy (Hidden state) s UaqUy, f, Aiw Activation

Function Nldlun1suszudanalufilld Relu w5e tanh, w; ABAY weight Y0IBUNA, X, AB

uigauiiumBunn TneasiulditaaUnenssu RNN asUsznausie weight 2 fafe weight

9

YBIBUNAUAL weight ¥8a Hidden state §461991n ANN 913LUNT weight iesdianfea, he

A 1

Aoranuznountil daouriliduanususngaaglifidraniueneunindeoudglasaing

wag by, ABAT bias Yoawaa Hidden state
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ludiuvesaunsierdnmile y, AoAne1dnn o Jaquy, f, Ae Activation Function
lglun1sussananalunilyd Sigmoid %138 Softmax, w, AiBA1 weight YawaIANH Wag b,

AR bias YBULATL NN

2.6.2 Long short-term memory (LSTM)

o =

lunsainyadoyanltidudunmduteyadiduiiinauerauin vl RNN Uszau
Ugyni394 Vanishing Gradient %38 Exploding Gradient [11] 338in15AnAY RNN a5tinuileiil
%931 Long short-term memory (LSTM) dalulassingusrammisunillaseasisuay

wannsaseiu RNN walldunsuusenuisduaniveunledegymivand

o]

b=

hiy

Xy

Simple RNN LSTM

gﬂ‘i‘?‘i 2.13 @aonUpenssy RNN (@1e) waraa1unenssy LSTM (177) [10]

Vanishing Gradient Aon1591A1 gradient AlFdmsunasusuamisiinesues weight

a W

fAnanassone) aunasmtesindandlndaud dwalnliiinn1seuinn weight dnasly

Y

Tumansaiudny dwnan gradient WiaTuegesamialudneas exponential auiladlng

[

aud dawalvldanunsogiingrneunignaesla elayymiliendn Exploding Gradient 3o

g1ananIladdmnne gradient diAntugjung agvi1linis Optimization HugeenanAmey

'
=

3. \ N H (3 DR o b4 . . & " v
igneiea Al gradient IALENNINT Agvilin1g Optimization dulailulvuiae A

Wil RNN ldanunsaSeuiteyaniaduengla 91anandndedaladn RNN dauaiunse

Y

a1 Short term memory 1#l Long term memory vilvidudoyalugiausne 3eins

o
Y

AnAu LSTM whnndiesnludewinanil $9iins Long term way Short term memory
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lasasnevesanidnenssy LSTM uanesiagui 2.12 Feusenausie 3 gate e Forget

gate, Input gate ey Output gate

- Forget gate: yimtiidusiimuainaylvaunseiiu Cell state vasanuznau

nihil edwelulszinanaluseudaly e1ana1alaan Forget gate Wisulailou

' [
N (% I Y a

UszpiiUanielaioannielnanuainesuntinasdeoudludssuanalusey

[

siolu ddoyalalifinnudngfiazgnanriedniisly

- Input gate: viwthildusafmuaiiesiudunmlmiag Hidden state riou
widunifiedan Cell state Tusaudalundeld en1ananléin Forget gate ¥
wihidavseandfilis iy @ input sate iluuszgidnduifindoyafidfy
Wl

- Output gate: uthilwileudulsznrusinuazyinsnsessuaaying Je.du
shiumuniazdsAn Hidden state fiantugiluganusuiinielsl lnsaunsly

1A5985199949 LSTM @1u1sauandnsaunisealuil

fi=0 (Wer = X+ Wye - hep +bp) (2.10)

i =0 (Wyi * X¢ T Wpi * heg + b)) (2.11)
0, =0 (Wygo * X¢ Wy * hep +by) (2.12)
G = tanh (W, - %o+ Wie - he; ¥ by) (2.13)
=1 O CL+1, O (2.14)
hy = o, © tanh(c,) (2.15)

o x, ﬁa@uwmﬁnm t, h, Ao Hidden state 38 Short term memory 181 t, ¢,
fio Cell state %38 Long term memory 1381 t, & #i® memory ﬁamusi’]aqﬂ’u fy, i hag
o, AD forget gate, input gate way output gate MIUAIAU G WAy tanh A Activation
Function %iia Sigmoid Function wag Hyperbolic Tangent Function (tanh), W Wag b Ao

weight 4ag bias Y0aAMA1
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lay LSTM  ansnsammussnwazvesdunaideudidlassiouaziondnnluwdag

sUuUld wanadagusialyull

one to one one to many many to one many to many many to many

I i O OOC
| G0 o0 Dp06d B9
1 TO0 HEL 00

U 2.14 sULvVTIRsBUNRLazieWATUlASIEAYed LSTM [12)

—

-]
—
—
—>

|—
—
—
—
—>
—>

2.7 Raspberry Pi 4 Model B

Raspberry Pi tuvesalulaspoulnsaaesauinian feandussuuiledn viieauesna
{9 (Embedded System) fiflszans amlunsuszananaifvedsun Snstedsanansa
faka 05 asluldge Tnefienldidu Raspbian wie Ubuntu wazanunsasessulunsidouss

fuaunsainieuenlaenuYl GPIO

Raspberry Pi ¢ Model B fuuesasluiann Raspberry Pi Foundation 7l
Broadcom BCM2711 Quad-Core ARM Cortex-A72 ai3a 1.5 GHz WumiheUszuiana
nan Ineduunvesnulunudl LPDDRA-2400 RAM 8 GB uesalddn Wireless LAN WUy
Dual-Band 5895U 2.4 GH taz 5 GHz w3au5835U Bluetooth 5.0 BLE ifiwasn LAN 50950
Gigabit Ethernet wasm USB 3.0 Host Type A 41uau 2 wWosn az USB 2.0 Host Type A
U 2 WoTR dnesn micro-HDMI MUY 2 WaTh T895UN1SWRNMBID 4K60P Uasngulvy

4

Tpedlduvasinglundaoudamosuuu USB Type-C Aslieusiuiuumnasanefi@ansnang

nsvuald 3A fisgauusasy 5V (15 W) [13]
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E‘U‘ﬁ 2.15 Raspberry Pi 4 Model B

2.8 299IATUANYALUALADS 18 LWARAIENIIWBUABLATEUIYAT Daisy chain
LTC6813-1

LTC6813-1 iTugnauAlLUnmeI NaIeaaiaIuIsainuumnasideaunsuiula

49dn 18 wad lnedianuRanaintdeundd 2.2 mV Fudazigaatuilviawein1sineysenin

Y9

[
=2

0 19 5V wupa3nie 18 wadausaintalussezian 290 s Waviiiadninsninnissudeyad

Ay saandaansunIuANagld

LTC6813-1 Surunarsyaianuisndsusedulawuueynsukazainisanivaula

i3 [V % = [ 1 = A 3 . P v & a
WiouiumeatsLUAmeIusanugs Inglundazyniiniswansauiuy isoSPl ttelyiilaausan
g9 IAnuduvuRgIuAUDIvY (RF) wassseynamsaeansilng gunsaldiuiuvaieye
Ugnieustare daisy chain lnsiivilagavdniteUszuianansideused miugunsalnvun

%4 daisy chain Hansnsaldanulansaesfians welvisulaluanuauysalveanisdeans ullu

)}

NSUNLNATDRANAINTLAINWFUNIINTHDES

LTC6813-1 amunsavinaulalagnssainyanuniaes nieainunassgluidnng
isolated Gsuadn LTC6813-1 dUsznaulude Passive balancing dwduudasiwadlaeiing
mUAN PWM duty cycle dvduusiazivad anaut@dug Uszneulusne 5V regulator uu
Uasa General purpose /O (GPIO) §1uau 9 varinuniniewdonsldnszualuiian

Wide 6 pA [14]
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sUTl 2.16 1TC6813-1

2.8.1 Daisy chain

Daisy chain Aan1si¥iousieszninsgunsalnouiianes gunsaldemamielvu
\3ethedefuluyn 4 uuusunTuvesPeNiInesTulsuiTUN1sHRUN TIYRIas i
fegramulunsuiainesdauyanainiad sursuuy daisy-chainable léun Small
Computer System Interface (SCSI) wag FireWare figaglinoufinmesanuisadoansiu
13U vaagUnIninenas 1w Disk drives tape drives CD-ROM drive 1A% aafiuiiuaz

aunuieshisusaziinuBanguinnniinisidensiewnsaeneuning

TolaTgunanaues Daisy chain AsdA1uisudngiazaiuisavsvauinle a9

9

dlidnuanmnsaiulvuaiilvuplivuaeniudeasgafidmual’ (16 Tuualu SCSI-2 w3a SCSI-
3 1Junw) wavlutp3esne Daisy-chain Humugiuin3e9169da11me7190599 91naunilely
a v = Mo Y} A i ad a v

dnanunils uweliungauiunietneylnuanszaeliseus) lnslunsalilansiadanesndu
ANWULINUGNTOUS LAZAINUYNIINUATDIATIVEZATUIRN QUL BLNBUAUTZBZNS
9393enIINUA Fe9913zvi AT Yt d U ldnuneglnd fuvatednauilaves

@1y [15]

2.8.2 Ua¥AsGA DC2350B
19958159 23508 dAuaudfAves LTC6813-1 laguasndnuiunalguasnaIunse
WaNsonun1Y @1y isolated serial interface 2 @18 (isoSPITM) WBAIUANYALUAADI VD

%
]

v o & ¢ a U v v = d ]
@Hﬂiuﬂu‘ﬂ’]u’luuqﬂ UDNAINNUUDIAATH DC2350B EJQQJfniiﬂfQWULﬁUVl'Nﬂ’]ﬁa@afﬁweﬁ']‘(j@u
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Y84 isoSPI wuudaunaule uaziauesa PCB diuusenauniee uavdeuse DuraClik gn

WinUsganSaniiieann1swns EMI wazannisgausulavas EMI

uofaa1sn DC23508 aunsndoasiuasuiamesiienisideuse Dual master
is0SPI DC29728 $2uiU Linduino One DC2026C @4 Linduino One #osluantayase
TUsunsufimangan (3enin sketch) teAunx IC Y8syAAIUALLUALABT WAz UTaYaN Y
Fi3uanosn USB Linduino One tufinsidlewse SPI wnasguitannsontaniu isospl 16
Mntudeusiefunesn isoSPl 983 DC23508 (fdiouse J4 vie J5) uazuedn DC29728 &

SPI-isOSPI @04989d1%5UN1SYNaIukuvgaunau [16]

r ANALOG
e LR DEVicES

AHEAD OF WHAT'S POSSIBLE™ N
» R

A2E
n

o
;§ﬂ
a8
anD
4
(o] 4]

sUdi 2.17 Upsa DC23508

2.9 Ua5A&a15m Dual master isoSPlI Adapter DC2792B

29958150 27928 Aafulasdyaindiea P Ty Dual-port isoSPI #ld a5y

o

'
LY =

Fouayrad isoSPI WuU Multiplex LTC6820 waziaifiauste isoSPl awndn (Fudieuste Duraclik
2 UNE) o

ind ueiaaunsaunuf DC1941 lunsalfigunsalssuuinnisuunnes (BMS)

mMasgnldary udagly isoSPI nandnassldnaaudfinnudounduued isoSPI Nanansald
ule NsWeusia SPI @uisavinleniuaesuuey 14 nindulasiananuaindlwdas USB

DC590 vi3e DC2026 vieRnnalagnsauy DC2026 Wulieniu Linduino shield
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W3R isoSPI Meaeswesadunimesandnuaznosntie InensvinauTeILAaE NOIH
QNUARINARIELAY LED 811y dmsunisldauunu DC1941 wsain3e91y isoSPI 71y
anunsadeundulaiuarldnunesananidudiulng daidelainaes DC27928 ToSuunain

Wosn USB vesmauiimasuantagden lnedaulas USB to serial degnldeu [17]

PC WITH USB

BMS
DEMO

DG2026 Linduino
or DC590

DG27928

KPR ERERV REee b v ay

SENELLR S

sUil 2.18 maidlenisiesying DC2026 Linduino one uay DC27928 fheane Ribbon

2.9.1 N13HBANIBYNIULUY SPI

SPI w1310 Serial Peripheral Interface ﬁag‘dLLUU‘U@Qﬂ’ﬁﬁl’e}mﬁ‘a’@uﬁLL‘U‘UEJ‘Lgﬂ’ilI
wuudsdasifaguuuunils gritmundusnlasuisvilalalsailunasd aa 1980 ileliluns
msdeanssvarlndlaslanngluszuvanesnailein nsdeaseunsunuy SPI azendednyaal
wiindusimundmazasiudedoya deannsadadoyaludsiaemsuazfudoyaan
Uanemandusrlundafenu (Full Duplex) miﬁamiwmmw SPI %Lmqqﬂmaiaamflu
2 ila o Master iusimuaunisiudadoyauas Slave Wugunsaliisesuddsan Master
Tutfansdoansuuueaynsuuuy SPI awnsadl Slave flsinnndn 1 61 Msdeanseynsunuy

[

SPI tuldanedeygramiavun 4 aunail
1. @18 SCK Clock data Tddwmsudsdeygrauniiniain Master lUds Slave
2. @8 MISO Master In Slave Out T wsusudayadnn slave

3. @18 MOSI Master Out Slave In 1%’éi’w§u%’u%’agamﬂ Master TUg4 Slave
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4. ae SS/CS (Slave Select/Chip Select) Wdwiuiden Slave fideanisiHiau

Tnenelunisdeanssening Master fu Slave wiane 9 qﬂﬂsaiﬁ?u aednyeyna SCK
MOSI waz MISO agldusiuiulunn Slave uitliiiesansdayains SS wirtuitlalleld sty
dlesnnidlonandl Master deanisazdeansiiu Slave filu Master avdsdyayiauasdn LOW
Ty Slave favuruaedyaa s lvanunsadendeansiu Slave figaanisidata

QnAea [18]

SCK |
MOSI j Slave
Master |<-MisO | | N
552 A
553 X
e Ny w1 A7 A ‘
' L—— | Slave
2
| — e,
|
i s iR
! >
Slave
3

5UN 2.19 n1580a159UNTULUY SPI 3879 Master ua Slave nanem

2.9.2 1soSPI (Isolated SPI)
n15deanseunsuwuy SPI levialutumunsd s ussaenalaiiy 10 wng 89uin

AoaNsWeNnesEuzeilnanitiu dnazly repeater S8 LHBIINANAUNIUEEN

(% [
v v 1

WnAumuaNgMvesaeailavinliiinnsaanoudygia Asudgyaramanilidweslasu
NM15U818 WONANT repeater SeaelidnInaudy g asady g usUNIU (SNR) Nlngna
annsavinaulunatfeaiuld lay repeater Hunued isoSPI LTC6820 Miausalalunis

REIVGRTRIY!
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isoSPI danunsnvenedygialasgsiisaienienisiiunisuendiunisinilimeane

wiladnguavviioudasiivungay WeosnaniizAsunsandnnululungnaimvingsy n1s

a [ =

doassenisuendrunaliindsdnduiedesiuldeuanussiuiidusunsosnd

dioldudladnszuuiimnnindete venaninisuendiudwaglvamiseTadsieg liegas
wiiug wiasdiuseiu common - mode Wuueads Fadusdudmiunsuendiudady
neywadAgylun1shenves input stage Pnafimievesssutluvafinsdeudedmadn

Ty

NNISIUNITE DA is0SPI AT UL UVDIIATAMTUNITA T Y QY 10UTD
n15a9a1s SPI wuuskenduluszesznislnaaiuisavinindietuls Hesanaiunsoaziiy
druusznoudnuuinnfgnduluasasialdle wag isoSPI LTC6820 wuvinlinsidousawnuy

. . o <@ 2 da*’ dyu < a o (Y] ::1'
Daisy chain @159lad1edu wenanidudugunsailugaunfid msussuuaiuauiunnes
a a v =~ | A
11993100181 UTBUUAIUANKURLABTABINIINITAOATHUUATITUE N 1Nkl Lns 1833

Usgqusduiiaunsaselinle wu Aieulesouwunines [19]

vV, l %
T GND1

MSTR MSTR
SDo MOS! Mos| SDO
SDJ MISO e » MISO soI
Master LTC6820 " \/\\/\ " LTC6820 Slave1
SCK SCK o L scK SCK
cs cs cs cs
GND GND GND GND
GNDO GNDO % GND1 GND1
' GND2
MSTR
Mos! sDo
w®
MISO sl
" LTC6820 Slave2
> o SCK ScK
cs cs
GND GND
GND2 GND2

3UN 2.20 N15WeusauY isoSPI 1 Master a1unsanIuAx Slave laviangda
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2.10 Linduino ONE (DC2026C)

Linduino One Wuveasnlulasaaulnsaaasiindesu Arduino UNO @sld Atmel
Jusussanana Tnsasiidwdidiuananuese Arduino UNO #e fifideuse Quikeval 14
Piausadeuiidugunsaloundensing 4 wu dulasewndeniiuiinea fulasiinea
Juswdan N139zAnISHANIY SEUUATINABULAZATUAY Frinuserusanvasumaes 1u
#u uazdufiddyAelimsusndrumainnuvesssuulwihseninsdoya USB uazidslaidh
ielisansdiuiimnuasnsouarannissuniu Tnelulassruifldiievinnnsdeansiu
Syminaueasn LTC6813 wisli LTC6813 amsaldlusunsy Arduino IDE Wievnnsdey
TUsunsudansle Tnevhnrs@eulusunsusiulusunse Arduino IDE THansmussdiuraus

ATARLUALADS WaXNTELANLaILaYeNIINLUANES AL LARIHAN1LIDLDTLADS [20]

SUN
U

2.21 Uasa Linduino One
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unil 3
N1599NLUULAZNNSE519luLAE

N15USLUNUENULUTTIVDIUUALADS

\esanlunsUszanuaniuzUszqueanunnes aiosleseu yadoyailtiiuduns
Budoyadduiidenuenun luinerdnusiduiiaaueisnsussuanuz sz es
wune3 lagldlassrelssamidisuyionienifitadn Long shortterm memory (LSTM) Tu
nsUszanaAnuzUse nedsnstannsndonlaiiduis data-driven

nsafslnmadmiunTsszanmuanuzuszalae LSTM luinendwudidut Hnw
Python Tun1sd@eulusunsudmsunisas1dlauma Ganw Python v8u Open source 71
Package library fi5095U Machine Learning wag Deep Learning wazivszandninlunis
Mg lngnsleulusiniuausalisusiu Code editor Felufidldlusunsu Visual
Studio Code (VSCode) #15835un1e1 Python Taglunisadnsluinaazld library #fde70

TensorFlow ey library Mllunisnsasisuaznisinlumadymsu Deep Leaming

3.1 yanadaudmIvwumnaIaLivuloaau

lunsussanuanIusUszgveswunnes lwinerinusiauiilduuneeiaiisulossu

LGGBMJ11865 393l Nominal Voltage i1 3.7 V wa Rated Capacity 88l 3.25 Ah [21]

Item Condition / Note Specification
2.1 Capacity Std. charge / discharge Nominal 3350 mAh
Minimum 3250 mAh

e

2.2 Nominal Voltage Average 3.63V

2.3 Standard Charge Constant current 0.3C (975mA)

Constant voltage 4.2v

End current(Cut off) 50mA

2.4 Max. Charge Voltage 4.2 + 0.05V

2.5 Max. Charge Current 0.5C (1625mA)

2.6 Standard Discharge Constant current 0.2C (650mA)

End voltage(Cut off) 25V

2.7 Max. Discharge Current -20~5°C 0.5C(1625mA)
5~45°C 1.5C(4875mA)

45~50°C 1.5C(4875mA)

2.8 Weight Approx. Max. 49.0 g

2.9 Operating Temperature Charge 0~45C
Discharge -20 ~50°C

(cell skin temperature ~60°C)

2.10 Storage Temperature 1 month -20~50°C
(for shipping state) 3 month -20~45°C

1 year -20 ~20°C

U 3.1 wusweidiieulorou LGGBMI11865 wavanaudfnd1Amy
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Tun1snadeunumnes tasld DC Electronic Power Supply DL811 way DC
Electronic Load DP3021 viwmthilsauszquazasuszalviunumneinalusiiafifosnts

Waltiudunalusivddmsulumanisussunaaaiuzlsey wagldnaufiamesliunisiiu

(@]

Toyavayinn1svagey wuameIegnglugaiunueungineumal 25 °C mewmalnaves

gaumnidlidmansenunon1sussinuanusUTey

56975V 39.998A

227.887TW 0.142Q

- "20
ol
eccaaa Ja#HE %%@

s+ ¥ = 8=

Ql/ "q«

31]17; 3.2 DC Electronic Power Supply DL811 uay DC Electronic Load DP3021 [22]

3.2 Wslwdnszualndfihdmiuwunenss (Battery Current Profile)
TUslniaaliduduneadmiulumanisussanmaniuglszafo 1Wslndidiasinisis
vossaeun i luie e usasualiiinlagly MATLAB EV Reference Applications Model
lunsdaes wazidenld Driving Cycle Source W1 WLTP T Class 6199 lauA WLTP Classi,
WLTP Class2 wag WLTP Class3 [23] TagTusliianszualsliihneuiiagilunaaeununined
Aeviliniduninsgau (Normalization) fuan Rated Capacity Jedadnow aueviing
Ny vhmafvuastufinAussiusswindauagnssualiin doldidudunadmiuluina
nsUszanaaauzlszlaeivuabinssualiivazaredszadianduuin uasnszualni

a0

YpuednUszalianduau

q
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e e

WLTP Class 3 (1800 seconds) T
Longitudinal Driver

Passenger Car
&

Controllers

- =

g‘d‘ﬁ 3.3 MATLAB EV Reference Applications Model

3.3 nswseudoya (Data Preprocessing)

Tngtumeuilidutunaunislunisdawioudeoya (Data Preprocessing) Aoufiagiyn
Uoya (Dataset) Youhglumalasstheyszamiiendmsunisussanaaniuzdsey

Tudumouusnisuiunn1s import library Adndusieslddmsunisdnmseudoya
wagnsasalimaneu a9 library Alddmsudanseudoyaszld numpy wag pandas lng
numpy Wdmsuihyntoyauasindu array w3e matrix Tudfis199 @ pandas Tddmiu

] ¥ v 1% I = Ao [ £
nsivesyndeyalvieglugUiuuves DataFrame FellanuazidumisnaUsznaunie 2

aauddull

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.preprocessing import MinMaxScaler

from sklearn.metrics import mean_squared error
import tensorflow

s import Sequential
W. layers import LSTM, Dense
from sklearn.preprocessing import MinMaxScaler
from tensorflow.keras ir ~t metrics
i R B e
from tensorflow.keras import backend as

4.6s

U 3.4 Library Nlddmiunsdamieudeyauasnisaialuing
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dndrgadeyanlaunanlusidnszualniirveswunned wWiunlegluguves

DataFrame %4 training set Wag test set kansisgusaluil

df train = pd.read v{"training_set.csv”

df test = pd.read csv("test set.csv™

0.0s
sUN 3.5 maihhyadeyalviegluzuves DataFrame

Ypeniivg19n1sNAdeaulag training set L U1 WLTP Class3 way test set 1w WLTP
Class2 903U 3.5 azuiuladn DataFrame Uszneumeriuriviun 3 asaud 39 2 Aedudusn

Ao Feature M JuBunndwivlumanisuszanaaniuzUszglaun nszsualni uazusesiu

T Y
aaa

senINtn druredudi 3 AenadnsAmauvselering (label) TunilAsaniugUseq (SoC)

v SOC 50C
41999 99.999995 99.999995
4.1997 - 99.999990 99.999992
41999 99.999985 99.999987
4.1996 = 99.999978 99.999983
4.1997  99.999975 99.999978

23182 09698 3.1569 = 0.075276 21368 20695 3.0422 0.078569

23183 14295 3.1182 0.061852 21369 18755 3.0535 0.061153

21370 22133 3.0272  0.040600
21371 19143 30449 0.022823
21372 24578 3.0039  0.000000

23184 1.8445 30823  0.044531
23185 2.1793 3.0515  0.024066
23186 2.5628 3.0172 0.000000

23187 rows x 3 columns
21373 rows x 3 columns

31]17; 3.6 training set Wkay test set
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Current (4]
Terminal Volatage (V)

B 000
Time (secand) Time {second)

(a)

ent (4)

Curre
Terminal Volatage (V)

15000 2000 [ 5000 15000 20000

10060 10800
Time (second) Time (second)

(b)
gﬂﬁ 3.7 ﬂiﬁWLLﬁﬂﬁﬂi%LLﬁlW‘ﬂ’]LLﬁ%LLﬁQﬁNlWﬂ’ﬁ%MﬁN%’J
(@) TUslwa WLTP Class3, (b) TUstwa WLTP Class2

3.3.1 maviiUuansgiu (Normalization)
1371 Normalization Ao susuAvesyadeyaliogluveunnimunisieiu v3e
Hrdgnuneunavtoudrgluma tivelvluseninanslaniy (train) Tuwa Optimizer @1snsn

Uszananalsegnaliussansainuindy

v

neunvziyaveyaliinin1s Normalization fewinisiuas DataFrame laglusy

aada ! = = o v
U89 array 1 UANUYUIN Nx1 nou w9 N ABITUIULDIVDIYAVDLR
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Im_train = df_train["Im"].values.reshape{-1,1)
V_train = df_train["Vv"].values.reshape(-1,1)
SOC_train = df train["SOC"].values.reshape(-1,1)

Im_test = df_test["Im"].wvalues.reshape(-1,1)
V_test = df_test["V"].values.reshape(-1,1)

SOC_test = df_test["SOC"].values.reshape(-1,1)

print(Im_train.shape, V_train.shape , SOC_train.shape,Im test.shape ,V_test.shape,SOC_test.shape)

~ 0.0s

(23187, 1) (23187, 1) (23187, 1) (21373, 1) (21373, 1) (21373, 1)

5Uf 3.8 n3uvas DataFrame 1T array

IneBnuilamenaiinoslas DataFrame 1y array doufesosnisuen DataFrame
wiarAaauUaanaINiUY LPIRINAISANNUATINYEUANITS Normalization UBISIAUSEIIN

Vuaznsyialiindelivin Gaussiussnindimmualieglugig [0,1] dunszualii

[
v [

Avuabiogluya [-1,1] Weswnlusindnssualniitvesuunmes dnwndausyauazang
U5¢9 9178 uYIN15 Normalization Iaeld library 210 sklearn wagidanly e du

MinMaxScaler vigaanuurAsgeyauTINiuY

scalerV = 1|

scalerI = MinMaxScaler(feature range=(-1,1))
V_train = scalerV.fit_transform(V_train}

Im train = scalerl.fit_transform(Im_train)

V_test = scalerV.transform{(V_test)
Im test = scalerl.t orm(Im test)

df_train = np.column_stack( (Im_train,V_train,S0C_train) )
df_test = np.column_stack( (Im_test,V test,SOC_test) )

print{(df_train.shape,df_test_shape)
v 0.0s

(23187, 3) (21373, 3)

g‘i.lﬁ 3.9 115 Normalization Taglaandu MinMaxScaler
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¥

current (A)

Terminal Volatage (V]

15000 20000 i )

(a)

15600 000

100 106
Time (second) Time {secand}

[

Current (A)
=

Terminal Volatage (V)

&

L
H

(b)
SUT 3.10 namiuananszualiihuazussduliifihszyingdamdaannnisia Normalization
(a) Tuslwid WLTP Class3, (b) TUslud WLTP Class2

15000 2000

10000 10000
Time (second) Time {second)

3.4 n1sas1aznseniulunalasedng LSTM

Tumsarslunanisyszanaannuzuszquosiunneilag LSTM annsasilalagns
19 library 7153831 TensorFlow Tunisa1e Fslaswie LSTM Foen1sdunaluguuuuyes
array 3 31 1n® input_shape = (batch size, timesteps, features) B batch_size Aad1uIu
yadoyadanitanun, timesteps AorunnmENITRsYATaNAtan uax features AosuIu
Features U93Ynvoya

aa ada

= & ¥ I v & v o v

Wenneeutiyateyasgluzuves aray 2 46 Nlvun Nx3 detlusesinnisuladla
< aa | o v a [ = ) v o w . . '
u array 3 dineu lnensiiyateyanleuidnandaduteyadiduiuy Time Series wus
sonluduiuyadeyadesiifivuinaiueivesyadayawindu timsteps Tuiitivounu
timesteps A8ALUT k lnoA1uadwUsiuiannu 60 uag Features dAYINAU 2 Ao

wsas Ul sErINatImaznsE kel
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'
[y 1w

luwsiagyatoyages nuluszlseneumedeyanidmudeiuluizoss auilodnuiu

Y

a

ToyangluyntayagesiiAiniu timesteps wivzEuyatayatesiinl Funieluyadoya

9

o w v

dalu deyadiuusnazidudeyaiidiou (shift) snandeyamdunsnvesyndeyadesiiniuun

Y

1 A1 wanadastelull

- yadeyadesii 1 Aousstuszninstnasnszualiiined 1 89 60 Faaensaiy
L1AWRABENUEUTEY (SoC) Al 60

- yadeyadenil 2 Aousstuszminstnasnssualiiinend 2 89 61 Faaenseiy
L dnmAeanuEUsEq (SoC) Afl 61

- gadeyadenil 3 Aoussiussnindauaznseualiiiiand 3 8 62 Faaensaiy
Lo dnmAeanurUsEq (SoC) Fil 62

- yadeyagosi Nk Asussdusgwinadauasnsualndindnd N-k fa N-1 Faaznss
futednmAelduaniugUsey (SoC) Al N-1

Aatiuazladunm array 3 findmsuleuiglunarun (N, k 2) aziednn array

1 46 u1e (N-k,1)

def create_lstm data(data, R):

X data = np.zeros{[data.shape[@]-k, k, data.shape[1]-1])
y_data = []

for 1 in range(k, a
cur_sequence
cur_target = data[i-1, -1]

X_data[i :, :] = cur_sequence.reshape(l, k, X data.shape[2])
y_data.append(cur_target)

return X data, np.asarray(y data)

X _train, y_train te lstm data(df train, k)
X _test, y test ~1stm data(df_test, k)

print(X_train.shape,y train.shape,X test.shape,y test.shape)

/ 00s

(23127, 60, 2) (23127,) (21313, 60, 2) (21313,)

sU# 3.11 fedtulunisairedunsuaziodnadmiuleudngluea LSTM

Y 9
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Iteration 1
o 0o
A v, Wi

UM 3.12 nszviunmsteusunadnglaseneg LSTM [12]

e = Y o @ 9] - = Y i v o v v 1Y
nansiiluenansianulidmsumsldanuienisdinwivintdy leygelnhlulduselesimunism

Laidnsdilas viedu Snvieinudlvidaulailon wazsaseadatiadnvetenarsynasainisinluly
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nsasslueanisuszanuaniugysyylag LSTM vinisaiielieglusvuuuves
Many to One lagi1uum Hyperparameters vaslunasanelul $1uau Hidden layer
WU 1 TudaUseneuwaduszam 10 wad [24-25)], Optimizer \Ju Adam 1fl learning
rate Wity 0.01 FeenidAeaauialunsFeuivediea dwnndaiunagyililuiea
anunsaidusldis wifornasilvinisdeusiuasdmadndidoans daudmnildtosas
yililunaiseuilddililueatwmluguadnsisesnisladn, Loss Function u Root
Mean Squared Error (RMSE) lesanly library TensorFlow 1ifl RMSE 1w Loss Function
FauResininisadne Loss Function RMSE dusnies wazlasunfiudluaaasinua

Activation Function 19.du tanh wa¥ Recurrent Activation Function 1Ju Sigmoid

Function Tmedlpednluals

def my_rmse(y_true, y _pred):

error = y true-y pred
sqr_error = K.square(error)

sgrt_mean_sqr_error = K.sgrt{mean sqr_error)

mean_sqr_error = K_mean(sgr_error)

return sqrt_mean_sqr_error

g‘l.l‘ﬁ 3.13 |Loss Function RMSE

model = Sequential()
model .add (LSTM(10, input shape=(k, X train.shape[2])))
model.add(Dense(1))

opt = tensorflow.keras.optimizers.Adam(learning rate=0.81)
model . compile{optimizer-opt, loss= my rmse )

v 0ds

Ui 3.14 msa¥slunalasadng LSTM



model . summary ()
/' 0.0s
Model: "sequential®

Layer (type) Output Shape Param #

1stm (LSTM) (None, 10)

dense (Dense) (None, 1)

Tot params: 53
Trainable params: 531
Non-trainable params: @

5Uf 3.15 Model Summary vadlasat1e LSTM

A15197t 3.1 AsEIviuA Hyperparameters T1lasag1e LSTM

Hyperparameters
Input layer (Features) 2 Neuron
Hidden layer 10 Neuron
Output layer 1 Neuron
Activation Function tanh
Recurrent Activation Sigmoid Function
Function
Learning rate 0.01
Learner Parameters 531
Batch size 32
epochs 50
Optimizer Adam
Loss function Root Mean Squared Error (RMSE)
Training Set WLTP Class 3
Test Set WLTP Class 2

44



[E—
10 Neuron

Cr-1

cell state

00...0
S —
10 Neuron

he—y

hidden state

multiplication addition
— ® o) T > 00...9
T @ tanh 10 Neuron
multiplication multiplication Ct
® cell state
@
10 Neuron \v\\'/‘ 10 Neuron
X
Q
2N
e
10 Neuron 10 Neuron 10 Neuron 10 Neuron
T forget gate T input gate T output gate T
®0...000
il r00...0
10 Neuron
concatenate 10 Neuron
A
‘ he
L X hidden state

"7

U7 3.16 Tassasuannsvinunigluvestuaalaseine LSTM [10]

45

¥n1S train way test lmalasetng Taeld Training set Wy WLTP Class3 uag Test

set 10U WLTP Class2 laguadnsuodnis train luwalasewis LSTM WuIInssulaunis train

Uszanananisnun 50 epochs Tudagil Batch size 11U 32 wag Root Mean Squared

Error (RMSE) anasaung 0.67%

history = model.fit(X_train, y train,
ion_data=(X_test, y test),

50, batch size = 32, verbose=1)

/ 5m418s

Epoch 1/50

723/723 [=== - 11s 13ms/step -

Epoch 2/50

723/723 [=== - 7s 10ms/step -

Epoch 3/50
7231723 [t —— - 75 9ms/step -
Epoch 4/50
723/723 [=== - 7s 9ms/step -
Epoch 5/50
723/723 [=== - 7s 9ms/step -
Epoch 6/50
723/723 [= =======] - 7s 9ms/step -
Epoch 7/50
723/723 [=== - 7s 9ms/step -
Epoch 8/50
723/723 [=== - 7s 9ms/step -
Epoch 9/50
T231723 | - 7s 9ms/step -
Epoch 10/50
723/723 [=== = - 7s 9ms/step -
Epoch 11/50

- 7s 9ms/step -
Epoch 12/50
723/723 [=== = - 7s 9ms/step -
Epoch 13/50
723/723 [=== - 7s 9ms/step -

Epoch 49/50

- 7s 9ms/step -
Epoch 50/50
723/723 [=== - 7s 9ms/step -

g‘dﬁ 3.17 NSEUIUNNS train Laknataseang LSTM

loss: 14.2179 -

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss: 34.9875 -

1.6553 -

1.1503 -

9.9259

0.8543 -

0.8110 -

0.7989 -

0.7247 -

0.7316 -

0.7276

0.6843 -

0.6903 -

- val_loss:

- val_loss:

- val_loss:

- val_loss:

val_loss:

val loss:

val_loss:
val_loss:
val_loss:

val loss:

val_loss:

val loss:

1

val_loss: @

val_loss: 25.2088
val _loss: 2.4261

.1444
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— loss
5
val_loss

] -] ]

Root Mean Squared Error (RMSE)

s

Epochs

5UN 3.18 N9 1MLaRIKaaNSY8INTT train lanalasadng LSTM

3.5 nrszuselivuseansnnlunalaseie LSTM

lnelulumsussiulsgavsnimueslumanisUssanadnuzUseglag LSTM aggn

Usgiliulpefiansai1an Root Mean Squared Error (RMSE) &@sanunsamuiadlassaunis

doluil

RMSE = \/i Y/ (Soci-s’cici)2 (3.1)

1ila n ApdIwINYayaves SoC, SoC AvanurUsrgasenanteys i kay SoC; fie

anurUsEanlannnIsussnunIndoya i

3.6 N1IPNUUULATNITATINNDTUITIIUAD LYY

Msaf19995UsEINAaaUEUTEUesLUAAeilag LSTM uuuiSual lnennsld
Linduino One fuaussiuluirsewinstanaznszualuih 990 LTC6813-1 Fevhuihiidu
Cell Monitoring lunsenuaussiuliinszminstivesuumnesluusasivad uaz Current-
Shunts §u INA253A3 [26] Sevimiiidusaiasnszudlilinilvariununine’ neendiinld

audu Analog Sefosdsluntasandu Digital (ADC) fian GPIO wos LTC6813-1 anntiusads
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Toyarisaadluuszananauy Embedded System lnglflulaspeulnsaaasidu Raspberry

Pid Model B Tunsuseunana

P7
WJZEDGV-5.00-5F

us
BDSSFATFPA-ZTL

‘erminals WJ2EDGY-5.08-09 : { oo V?JTJL{ :
1 I
i |1 T{\:}F | T?'r—
B o r;%_n l
L | L |
2EEERpreEE
- __E!é‘l‘l‘]‘l ‘[ﬂJ—J—J—J-: 1 i :'-I\fnzsz-u N

18650{ X45-CASE TT_TRQT 45-:%5-}.— -|: T -|: —t .:.i_ ..
S EEUINCEEER He i

1.2 |
F4 BICE
Header 2 Hwaern i

U 3.19 Schematic Diagram 2843395 3anseualiivosiunnes

Temperature Chamber Li-on Battery

]
| l

Power Supply Electronic Load

| }

[ Cell Monitoring J [ Current Sensor J
Processing
[ Linduino One H Raspbherry Pl4 ]— QE
GUI

35U 3.20 UNuAaN159119UY993995UTENUANN UL UTEVBILUALA DS
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| =S 8, 8

\,f

Current-Shunts Li-on Battery

sUM 3.21 2993UsEINanIUEUIZIVRIUUALA BT

[
(%

Aaufi 9z Raspberry Pid Model B Ul fufanisussuiana desfinds OS

[
Y

(Operation System) naw Tuntidenldidu Linux wazszuuUfuanas Ubuntu a1ntufinns
A9 Python titelddhmiudeulusingy wagad library AltdmTudanisteyauazaindduing

1A53078 LSTM 1A numpy, pandas ez Tensorflow

Tunasuananavil Graphical User Interface (GUI) Tu#idl 931019 Remote @7

Raspberry Pid Model B lunaniwanu Visual Studio Code TneFds ssh username@ip %

ip A® ip address ¥4 Raspberry Pid Model B Ingagdiuatiiuiaiaungfiionss J96nans

Y

¥

AUSUNSWRNAD ANNNSTBURBKIUAE LAN %38 Wi-Fi L9

PS C:\Users\kpsom\Desktop> ssh hehe man@1©.66.4.223
hehe man@®.66.4.223"s password:
Welcome to Ubuntu 22_84.2 LTS (GNU/Linux 5.15.8-1835-raspi aarch64)

* Documentation: https://help.ubuntu.com
* Management: https://landscape.canonical.com
* Support: https://ubuntu.com/advantage

Expanded Security Maintenance for Applications is not enabled.

57 updates can be applied immediately.
To see these additional updates run: apt list --upgradable

Enable ESM Apps to receive additional future security updates.
See https://ubuntu.com/esm or run: sudo pro status

The list of available updates is more than a week old.
To check for new updates run: sudo apt update
Last login: Fri Sep 22 14:36:27 2023 from 10.66.4.185

hehe_man@heheman-desktop:~% I

gﬂﬁ 3.22 115 Remote 5¥1I4 Raspberry Pid fiu GUI
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TunsdWousaszning Linduino One U Raspberry Pid Model B aziousiariuans
USB tifesan OS iJu Ubuntu &3 Serial port 924U ttyUSB unu COM port uagdosrimun
Baud Rate Tofmssfuluiididivindu 115200

Tunalassiisdmiunsuszanasngdszalay LSTM wuuealnl TaeiEuduain
¥ms train luealasstnsauldlunafifauuiudinuidesnisuds antuhnsenlune
Tneld@da model.save(“name.h5”) wazlunisienldluinaaunsavilalagldeds
load_model(“name.h5”) Fifudlosudunadunglassming Alisudusies train Tassinedn

W gunsaUszanaedne lalaederaranuylsey (SoC)

port = serial.Serial("”/dev/ttyUSB@", 115260 )

model = load model("LSTM model.h5", custom objects={"'my_rmse': my_rmse})

4 1.65

31]17; 3.23 N5\ @eusaseing Linduino One fiu Raspberry Pid wagn1s load model

TunNTEUNTINNUIRTUTENINANTUEUTZV0LUMADI LAY LSTM wuuiFealnsl
Tn83UAUAN Raspberry Pld Model B agasrdaludy Serial port 94 Linduino One Tweu
AusaiuThsenineuagnszualiliein LTC6813-1 nunagdeeyandulUussananauy
Raspberry Pi4 Model B lagiiua1nn1s Normalization tilesanalaiaiuisalydendu
MinMaxScaler Tun1s Normalization lawsaziiunisuszannaaiuzUsyguuuisealngd 3
v 9 a ¢ v i = o a A ) Iz : Y]
aesltaunisnsadiaaiansiiuredaduaunisimilouduilsddu MinMaxScaler faaunis
N & = o v NS < v 1 Y o a
#1 3.2 anuuiaihdeyaudeiulugnteyatey wanhluussunuanueyszvauUnInes
TngldAds mode.predict()

X - Xmin

Xscaled — ( ) * ( Xrange max Xrange;min) p Xrange min (3 2)

Xmax = Xmin

119 X ADANYBITBYR, Xy ABAIMNAAVDIVOUA, Xax ADAIAIAAVDIVOUD, Xrange min

ABAYINVBUIARIAAVBITOLA UAY Xoange max ABANTINVBULUNEIAATBITDYA
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k
count

Im = np.zeros((@, 1)
cale, Im_scale
data = np.zeros((

X _data = np.z
predictions =np

V_max = 4.
V_min

Vscale max
Vscale min

Im_max

Im_min

Imscale_max
Imscale_min

end_time = time.time()

i in range(count):

start_time = time.time()

port.write(b"4")
data = port.readline() de{"ascii')
value list = data.split(" ')

in V = float{value list[@])

in_Im = float(value list[1])

V = np.concatenate((V, [[in_V]]), axis=8)
Im = np.concatenate((Im, [[in_Im]]), @

scaleV = ((in_V - V._min) / (V_max - V_min (Vscale_max - Vscale min)) + Vscale min
scaleIm = n_Im - Im_min) (Im_max - Im_min) (Imscale _max - Imscale_min)) + Imscale_min

V_scale .concatenate{(V_scale, [[scaleV]]), 15=08)
Im_scale = 3 {(Im_scale, [[scaleIm]])
input = _stack((Im_scale, V _scale)

cur_sequnce = input[i-k: i, :]

X data = np.vstack((X data, cur_segunce k, )
cur_predict = model.predict(np.expand_dims(X_data[i-k], ax
predictions np.vstack((predictions, cur_predict))

print{“"Predicted output value:", predictions[i-k])

if float(value_list[0])
breal

end_time = time.time()
time.sleep(abs(1 -(end_time - start time )))

JUN 3.24 Code M3UsEINMUANULUSERVDIUMABSLAY LSTM wuuSealn
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uni 4

NaN13INAsiay

Tunsneaeulumaiilidmiuaessvnuanugssquosuunineilay LSTM Ly
Sealnil TuszwinsnsvaasvazUszidiudszd@nsnaimnisvineueesluinaniu Root Mean
Squared Error (RMSE) TneTustdnszualuindilddmsunaaeulumarolusingiisiassnis
Javessasud i ldun WLTP Class1, WLTP Class2, WLTP Class3, WLTP Mixed Class
(WLTP Class 1,2 ua 3 T3uiu) saudalusinanisiansnisiweseudliludinusssrTuds

USENBUMBLATNZUNITI, N38RUTEY kavnIsin

4.1 nmsmiluealasedte LSTM Munnzaungadnniuaasussanuaniusyssy

VDILUALNDS

Tun1s Optimization tWeazynlilumnalasewig LSTM duszansanlunisvineu
49gn Yuediunsimuns Hyperparameters litninzauiuluna delunmsnaaeuilagii
o L3 ‘ d’ d' o
nsMwuwadUsgamly Hidden layer wasluiwaiivanzauiign lunismaaauinug
Training set Ww WLTP Class3, Test set 1w WLTP Class2 wag epochs winfiu 50 21nA13
nagoulauns train luaalasauie LSTM @evinnisniinundnuauieaauseaimly Hidden
layer @1uA15199 4.1 WU muunduIuwaaUssa mileaiiuld 9Iu2uYes learner
parameters 9tpenuuay]da1lunis train (Execution Time) AauUdNLa8 LAUsEENSAN
vodluinadaldanalyiA RMSE figeda 1.16% w3aerananiladnluunadetlniuliiiigans
(Under Fitting) Tumsassfiutudmnundiuiuwadusvamuiniiuld $1uiuves leamer
parameters NagtiNTuA LAY Execution Time Aaud 1wy windulia1 RMSE geds
1.26% aziulainfawilunassiduinwaduszamfuinililavililuwmaiussdns am
ety esanlueaiiunsiseusaniAuly (Over Fitting) Avludesnyaiunzauian

<o I3 a d' N ¢ v
vasluea lulunailduinwadUssamiimunsaungadeo 10 wad 1enly learner
parameters Way Execution Time Aaud19Uoy wandulian RMSE Nilaaies 0.61% Tundl

o0 = = ¥

aosrfsfsyndeyaniliilu Training set uag Test set sedmnildsuyadeyaeiavili
Uszandnmnisvirnuesluwadsuluaiemuniu m15199 4.1 udAINaaNsUeINIT train
1A59978 LSTM Aid1uiumad Ussannnge lagnadnsiilaluuaazainainnig train 919

FIUIU 3 TOULAIUNNNANRAY [27]



A919% 4.1 LAASNAAWSVDINIT train 1ASIUY LSTM Adunumaduszansnge

Neuron Learner Parameters Execution Time (s) RMSE (%)
5 166 305.1 1.16
10 531 314.3 0.61
15 1,096 339 0.69
20 1,861 372.5 0.78
25 2,826 410 0.82
50 10,651 494.6 0.78
75 23,476 609.6 0.75
100 41,301 713.4 0.95
150 91,951 1074.7 1.22
200 162,601 1474 1.26

52



Leamner Parameters

%RMSE
=

oF

L0

1T

5 8

Time (Minute)
B
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-
" -
J
[] E] E] [ 15 150 ES 0
MNeuron in Hidden layer
.
-
g
N o= i EESESE VL7 _ U 7 el W WV e YW o U B ; -
Newron in Hiddan layer
-
.
.
- - ——y— - — - L = > =

0
Mauron in Hidden layer

(c)
g'ﬂﬁ 4.1 nyluansHadwsyesNg train lasstng LSTM fidnunuwaduszainsineg
(a) N3 luansPNENRUSTENINIIUaaUTEa LY Hidden layer fuA1 RMSE,
(b) nslLanIANUFLRUSSEITanUTUIuWasUssamly Hidden layer,
(©) NTMLAAIANFUNUSTZ NI Learner Parameters

AudwuwaaUszamilu Hidden layer
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4.2 wan1snagaulunalasenng LSTM adaldsinanszualnia WLTP

lun1snegeulunalaseny LSTM ﬁi%’ﬁm%’mwaﬂazmmamusﬂizqmaau;umLma‘%"
wuuealnl Ingldlusindnszualndih WLTP Tuusiay Class iusveaeu dsluusas Class
il UM findefudsseneudenisisiies, vuilos, vuumn uazauulneLdu
wdnueniiies uiazuANA1ITuRTIfitaaaIn1sd dluusazdag uagaugmdsluiiivie
Aslndihgieyimin (Wrkg) vassneusivinlunmag Class JUsivanseualuiia WLTP Classi,
WLTP Class2, WLTP Class3 uag WLTP Mixed Class uansdfagusioluil

Current (A)

7500 a 10¢
Time (Second)

€))

s

Terminal Voltage (V)

0 00 a0 0 1000 2300 00 o
Time (Second)

(b)

B

Percent Stage of Charge (%SoC)
. .
/
f

B

7500
Time (Second)

(0)
gﬂﬁ 4.2 Wsanseualniin WLTP Classl (a) ns nuananseualni, (b) ns1muans

wsadulninseninegs, (o) nnuansanugyseq (SoC)



Current (A)

10000 15000 20000
Time (Second)

(a)

Terminal Voltage (V)

10000 15000 20000
Time (Second)

(b)

& 2 2

Percent Stage of Charge (%SoC)

0 5000 10000 15000 20000
Time (Second)

(©)

gﬂﬁ 4.3 WUsanseualniin WLTP Class2 (a) nsinuananseualni, (b) ns1muans

wsaulnihsendinet, (o) nsmluansanugyseq (SoC)
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42

w w =

Terminal Voltage (V)
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0 5000 10000 15000 20000
Time (Second)

(a)

30

) 5000 10600 15000 20000
Time (Second)

(b)

100

8 2 8

Percent Stage of Charge (%SoC)

) 5000 10600 15000 20000
Time (Second)

(c)
Ui 4.4 Wsldnszualyiiin WLTP Class3 (a) nsvluamanszudlnlii, (b) nymiusns

wsenulnngEnIeT, (0) nsmuansanIuzUsEy (SoC)



Current (A)

a2

w w &

Terminal Voltage (V)

100

& 2 2

Percent Stage of Charge (%SoC)
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o 5000 10000 15000 20000
Time (Second)
|
| ‘ \
o 5000 10000 15000 20000
Time (Second)
0 5000 10000 15000 20000

Time (Second)

(©)

sUT 4.5 Tslwdnszualviiin WITP Mixed Class (@) nswluansnszualdh, (o) nsm

wanawsnulningenIags, () namuwansaniuglsey (SoC)
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Tunsneaeulunalaseng LSTM saglusindnszualnily WLTP Tuisag Class @93y
Mnsnegeuluunuiuualaennsaduiuly Training set wag Test set kaARIAIRITIIN

4.2 91nassaziiulainluealasestie LSTM duszaniamlunmsuszanaaniuzuszqla

[
a v v

98190 NABILAZ I U AUl Training set way Test set agllyyndoyaifiediu Bnviads
Wul1 RMSE flddeesnnlagianig WLTP Class2, WLTP Class3 uag WLTP Mixed Class Ui
dmaaeulaeld Training set w30 Test set Wu WLTP Classl wu11 RMSE 9giiAgendn
Class dufisadntiosdaszananiou 1% eo1aazdaungunainyateya WLTP Classi 3

[y

afuANEITestayakarANAITUSIT UaYatioandt Class du

NNNTNUEAINISUIEULTEUSEINS SoC a3eiu SoC Ailainnsusennalag LSTM

< v av v = v v v W a Y N
AzLula1n SoC NlAannisuseaalag LSTM ieuazdeusiuiunu SoC 93¢ 8ntiu SoC 9
Taann1suszanalagly Training set %58 Test set 18 WLTP Class 1 siadulanalaseuie

LSTM fiusgavzamluniseduiewginssufblidudaduvewumess

M19199 4.2 wang %RMSE vasnsuszinaaa1uzUseqlagld Training set way Test set 10y

WLTP Class #14]

Training Set
WLTP 1 WLTP 2 WLTP 3 WLTP Mixed
Test Set
WLTP 1 3 0.99 0.98 0.98
WLTP 2 0.96 B 0.69 0.56
WLTP 3 0.93 0.62 - 0.68
WLTP Mixed 0.98 0.69 0.61 -




Percent Stage of Charge (%SoC)

Percent Stage of Charge (%SoC)

100
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— Actual
LSTM

S ‘y\‘}

[ 5000 15000 20000

10000
Time (Second)

5UN 4.6 n99kaRNSIUSEUWIBUTENING SoC 339U SoC laannisuszanalag

LSTM (Training set 4w WLTP Class1 uag Test Set tJu WLTP Class2)

100 |

— Actual
LSTM

0 5000 10000 15000 20000
Time (Second)

JUN 4.7 n9iuanansiSeuiieusening SoC 934U SoC ildannisussanalag

LSTM (Training set 1w WLTP Class1 wag Test Set 1w WLTP Class3)
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Percent Stage of Charge (%SoC)
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—— Actual
—— LSTM

[} 5000 15000
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U 4.8 n39kanINSUSEUWBUTENING SoC 939U SoC #ildannisussanalag

LSTM (Training set \Ju WLTP Class1 wag Test Set 11 WLTP Mixed Class)
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JUN 4.9 nsmluansnisiUTeuliigusening SoC 93U SoC Aildannisuszunailag
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— Actual
LSTM
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JUN 4.10 n3mliansnsilSeuiieusening SoC 934U SoC 7ldannmsussinalagy
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LSTM (Training set 1w WLTP Class2 uay Test Set 1{u WLTP Mixed Class)
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JUN 4.12 n3mliannsilSeuiieusening SoC 934U SoC Aildannsuszanalag

LSTM (Training set 1w WLTP. Class3 uag Test Set 1y WLTP Class1)
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JUN 4.14 n3mluansnsilSeuiieusening SoC 934U SoC ldannmsussinalag
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4.3 wammesaulaaalassdie LSTM daeluslindnssualninfisnassnisie
Yasseun it ludinuszaniu

Tunsnageuiasnaaeulumalaseing LSTM sralusindnsualniihisiansnisis
voa308ud i luddnusyiriuluguuunigeg F9UTENoURIBLNITIS U, n138aUseY
warn3Wn Tae Training set uaz Test set arliidudulusindnszualniiiivsznaudennm

W3UN15A18UIEYIUMUALAZNITENUTEIUANAIEERS1 0.5C , 131N wazn33elagldlus

& WLTP Class3 Tutiasvasiianiianaiu wansdsgun 4.18 uag 4.19 auddy

Current (A)
a1/
|
|
|

Terminal Voitage (V]

Time (Second)

(b)

Percent Stage of Charge (%5S0C)
/
/
/
/

aaaaaaaaaaaaaaaaaaaa

3UN 4.18 Trainning set dmsulusinanseualnihndnaeinmsiessagunlniiily
FInUszanTu @) nswansnsealiin, (b) nsvlnanasanulninseningds,

(o) naansan Uz sz (SoC)
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(©
U 4.19 Test set dmiuluslidnszualnihiidrassnisisvessnoudlily

FInUsea1iu @) nsluansnszualadn, (b) nsvluamnaussrulninsenine,

(@) navluansanuzUszq (SoC)
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NnNaMsNadBUIiLlFIINg M SoC Alfnnnsussanalay LSTM unuazdousty
ffu SoC 93¢ uansbiiuIlumalasstie LSTM Smnuannsatunisussanaaniususeqla
og19gnFBIUAzIALEMUTN RMSE Wi 0.54% Liles91n Training set uay Test set LHugp
Toyanidduwusiu aswiuldinlu Test set Usznoudsunniniuvesnszualiiiuaz
wsstulihsgwinedaiiusngedudalu Training set vilwlunszuauns train lunatinnis
nddnvazvesyndoyalinds neih Test set Afdnvazadefuumagoy Ievinliluna

159978 LSTM anunsauszanaanugyseqlaegusiug

Actual
— e, LSTM

Percent Stage of Charge (%50C)

b 5000 10000 15000 20000
Time (Second)

U 4.20 n91vluansn1siIeuLisusEning SoC a53u SoC Aildnnisussanailag
LSTM (Training set wag Test set drusulusindnszualniniiass

M5739999508us Al uTInUs ¥ )

TunsneaausslUazyinmisasuy Test set Wulusindnssualwihiusenausiewnm
wsunTlaglglusing WLTP Class3 7 Cycle annnindu, nsinluszegnaidus uwaznis

dnUseinedns 0.5C luszaznansing uildladnuszqauwunmeiiin wandegui 4.21



68

3
2

S
= 1
I
g
5
o

o

B

) 10600 20600 30000 40000 50000
Time (Second)
22
I

20 h ‘
< \ v
2 .
g )
S i
§ i
338
g \ T \
2 | |
£ | |
E [T
36 | I

I, |
34

[ 10600 20000 30000 40000 50000
Time (Second)

(b)

g 8 3 8 8 =

Percent Stage of Charge (%SoC)

8

0 10000 0000 30000 40000 50000
Time (Second)
'

(0)
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TuFinUseariu (@) nsmuananszualniln, (b) ns1nwansussnulninsywinay,

() nsmilansanIuzUsEy (SoC)



69

NnHaNINAFeUILUliINTI SoC filfainnsuszanalag LSTM deusiufy
SoC a3auAlutveINTInUsEYfEnT 0.5C dauraainaeluslig WLTP Class3 agiitu
lerfideRinmanszmineann SoC a3segaiiuledn fudamzdisiusingeylu training set
wihilufiidefanainifisadntes wuin RMSE asils 3.76% o1afianmmunainnsd Test set
Usgnaufounnmiuvesnssualaiiuazusadulnissninedutadldneusingeglu
Training set danalsiideynismaaeuluina lunalianunsagiingdmneuiigndesls vinls
TunalifiaruuiuglunsUssanuaniuzdszguinne fuiudwiiniaueu Training set 1

funmvsuniaseuaqu Test set UanaRagun 4.23

—— Actual

100 hY LSTM

Percent Stage of Charge (%So0C)

0 10000 20000 30000 40000 50000
Time (Second)

JUN 4.22 nsmluansmsiSeuiieusendne SoC A34iu SoC ldannnisussanalagy
LSTM (Training set waz Test set sUnuuf 2 dmsulusinanszualuihidnaes

1529009508 Ud T luddnUszariu)



70

<
o
c
£
=1
Qo
o
-
0 5000 10000 000 20000 25000 30000
Time (Second)
a2
|
a0
238
w
= |
s
£ |
|
2 36
]
£
£
]
= 3s
32
30
0 s000 10000 15000 20000 25000 20000
Time (Second)

100

& 2 ]

Percent Stage of Charge (%SoC)

o 5000 1oooo 15000 20000 25000 30000
Time (Second)

()
35U 4.23 Training set Uwuu?l 2 dmiulushidnseualuihidnassnisisvessosud
I ludinUsean i (@) nsviwananseualuin, (b) nslwanausasulninsenine,

(@) navluansanuzUszq (SoC)



71

nNan1sageuIziuliindadsy Training set Tilunnivsuiinseungu Test

set k&7 TuwaaunsaUsvanuan s UsEglioguaugNEWY WUl RMSE anasauinie
0.67%

Percent Stage of Charge (%S0C)

8

— Actual
LSTM

0 10000 20000 30000

Time (Second)

UM 4.24 n91vluansnsil3euiigusening SoC a3aiu SoC Ailsannisuszanailag

20000 50000

LSTM (Training set JULUUT 2 uagTest Set sUwuudl 2 dmsuluslidnszualudii

F1899M15390095 08U WA luTFInUsZI W)

lun1svnaeugayteagynImaasuNansznuvetaiidelunalaseyie LSTM

dmTunisuTsaaniurUsey Feagiinnsneasulagly Test set JULUUT 2 Ngaungdl

0 °C wag 45 °C uansfagudl 4.25 wag 4.26 @ Training set aglfidududnfe Training

P

set SULUUN 2

]

Mgaungl 25 °C wansfsgun 4.21



72

3
2
<
T
=
£
S
o
0
-1
b 10000 20000 20000 ) s0000
Time (Second)
a8
a2
40
B
o
L
&l
>
©
£ 35
£
k3
@
34
32
30

o 10000 20000 30000 40000 50000
Time (Second)

(b)
(0)
JUN 4.25 Test set sUuuuR 2 Mgaumail 0 °C dmsuluslndnszualnindnasanisia

Ya9508ud b luTInUsed1iu (@) nsmlwananseunalniin, (b) nsmuanduwsanuluin

5emIet, (0) NI MLERsEnIUEUsEY (SoC)



73

3

2
<

o1
I
£
E
]

[}

-

[ 10000 20000 20000 20000 50000
Time (Second)

az

20
=
@
=)
ji]

o 38
>
T
=
E
3

[T

En

[ 10000 20000 30000 40000 50000
Time (Second)

(b)
()
JUN 4.26 Test set sUuuuR 2 Ngaumail 45 °C dmduluslidnszualnihiidnassnisi

Ya9508ud b luTInUsea1iu (@) nsmluananseunalniin, (b) ns1mwanduwsanuludln

5emIet, (0) NTMLERIEnIUEUsEY (SoC)



74

nMavageuaztitulaiingm SoC Aildarnnisussanailay LSTM Niaamgiii 0 °C
way 45 °C idaRanatnan SoC A599g19uiulaTanuin RMSE windu 6.50% way 1.86%

AUAGU BeanTigaungif 25 °C wudn RMSE wies 0.67% lnefawnunainnisnegamaiid

NanIEVUsBusIAUsEINtLarnssualiiausdaUsrquarAeUsTUeMUARET Azl

1 Test set ussdiuseninetniigamgi 0 °C Trgeuiluegiaunn diuiigungi 45 °C &
Argeluisintas vl Training set war Test set lufiauduiusiBstoyaiudanal

LY

SoC #ildnnisuszanadidedanainograiuladn d1deenisiunuutug1veans
Uszanuan1uzls¥9e199iedUigur1ad Training set Ivillgamaiiaenndasiu Test set
winvziindgeyinsenl wunmeddiieulossuliiusdrlviviiniseauseangaumgdn
= o g v o B & v & v . .

Wesnasyiliinanusumuvesswunwesnelugunazdadudumnges Lithium Plating

a 14
NMIY

—— Actual

LSTM
100

Percent Stage of Charge (%SoC)

0 10000 20000 20000 40000 50000
Time (Second)

JUN 4.27 n91vluansn1sidSeuliigusening SoC a3 SoC Aileannisussanailag

al

LSTM (Training set g'du,‘um?i 2 ﬁqmmﬁ 25 °C uagTest Set 'gULLUUﬁ 2 Ngaungil

)

0 °C dnsulusivdnszualninNdraninisisvessasus i ludinuszaniu)



00

Percent Stage of Charge (%SoC)

75

—— Actual
—— LST™M

0 10000 20000 40000 50000

30000
Time (Second)

sUN 4.28 N5 1NLAAINTISIUTIULAEUTENINNE SoC 597U SoC Nlpannnisussunalag

Y

a

LSTM (Training set gULL‘UUﬁ' 2 ﬁqmmu

U

a

25 °C uagTest Set 3UUUUN 2 Nl

Y

45 °C dnsulusldnseualniinnsnaninisiawessasuslnirludinuszdnu)

o
U =2

anudvinmageulagmsiiiy Feature Tinulunalaseyne LSTM @afogmumqd

a

WianagauUsednsninlunisussanaaniusysyy lunmsneaouasld Training set uag Test

Julusludnszualnindeadu Tnensdussiussminsdsaznszualniiafigaumad 0 °C,

Y

25 °C wa 45 °C seriu uanafazul 4.29



76

1 1
1 1
M 1 -
I I
1
3 1 1
1 1
1 1
2 1 1
1 1
g 1 1
PP k1 1
; i :
5 L
s}
0 g ! 1
11 1
1 1
N : :
1, 1
10000 L] 20600 b0 50000
] 1 Time (Second) 1
i '
1 1
LN a 1
1
]
1 . .
44 I
]
42 I
§ ]
z i
© 40
g 1
o
2. /
g 1y
£ '
=
& 38 l L}
1
34
!
1 |
10000 1 20000 30000 40000 50000
1y -+ Time {Second), = -
1 |
(¢] 1 o | (e]
At 0 °C i} | Vi 25 & L1 At a5 ~C
1 A\ R g e W R
H Ty
20 1 il
1y 8
1 Iy
1
VG ) : ]
@ i B
E T 1
o ¥
T L 1
o i ]
H |
8 } Ly
0 i L i
b
i
0 1 1
I | s L
10000 T 20000 oo 50000
1 l Time (Second)
Iy
1
i) (@)
1
I, '
|_§ |
100 : 1 ; 1
—~ 1 N
9
5" H
& 1 |
v 1 i
2 i,
& 1 i
£ w ]
o 14
5 1
5% i
©
£
[ 1
3 J
£
g 1
]
]
30
1 - —
10000 I 20000 30000 £)000 50000
Time (Second)
______________ e |

(d)
U 4.29 Test Set JULUUT 2 figaumgdl 0 °C, 25 °C uag 45 °C dmuTusing
nszualninfisnassnisiwessasudlninluiinusysiu (a) nsmluansnseualii,
(b) ﬂ’i'1‘1/\|LLﬁmLLi\‘lﬁulWﬁ’]i%WjN%’J, (c) ﬂsWWLLamqm‘mqﬁ,

(d) nsvluansanuzUseq (SoC)



77

@ Y1 =2 v v .. <) v a [y
MnMsnagevaziiulaIndwdagly Training set oy Test set LUUSUQZQIJ@"QG]L@EJ’JﬂU

3l SoC Aldannsussanadlag LSTM Mdasgangiisneg Alulddeuiuiu SoC a3eviaviun

v

WiekananegUnaieudnios wuin RMSE iy 0.32% uslutisgaumgiisieg luna
a1unsaUszamaniuzUsealaeg1auiugfisudinaglillenyisgungiineaiu esnly

lumadin1siiiy Feature gaumgiidnuvinlillgaumgiiiuey ¥30813Ana1nN157 Training

set wag Test set anuduriudiBadeyaduidule

Actual
LSTM

100

Percent Stage of Charge (%SoC)
z
=
P
o

0 10000 20000 30000 0000 50000
Time (Second)

UM 4.30 nT1mluanensilSeuisusendng SoC a3y SoC Ailaannisuszanailag

LSTM (Training set i@ Test Set sUuUT 2 figaumiadl 0 °C, 25 °C uag 45 °C

Fusulusindnszualudrniiassnisiavessasus i ludindseanTu)

4.4 mswWieuiisunisussanaianuzyseylag LSTM fAuauATe s
lunsieuiigulssansamvedlinanisuszanaaniugyszalag LSTM luudves
RMSE fusuidefiniuan Taglusddousn [1] Wuunne3adiexlossu 18650 4ia NCA
%o Panasonic luwaalasagie LSTM Ussnousiedudeusindu 1 susasilsiuvuwad
Uszamlududeu 500 wad wasideonld timesteps Wiy 1000 Tunisnaaevluaald

Training set way Test set WudayayaiAeaiuda Driving cycle source M1UsznaudleY

'
=

HWFET, UDDS, LA92, wag US06 1n51ufu d@rusideiiass [25] Wuummesaifisuloosu

11LnalA59918 LSTM Usenaumi8tugauinny 1 duskazil auiuwasussaniutustou 7



78

wad lun1snaaeuluwald Training set iWuluslndnszualilirfiuseneumeounmniunig
AeUsey, N159AUIERIe Crate @37, N138AUTEY wagnsiin @ Test set I dudulus

Irldnszualiihiusenaumeunnisunsdauseauaznisaeyszqeg nasnilssey We v

[y LY

= ~ A a a A | ~
mslfdia‘umauﬂizawﬁmwhmiﬂizmmamuwisﬁgﬂmwm BYINIUNT WUIEDTUTU T2V

laannisuszanaluineriinusiduiianugniesazududiuinninanuiddenciuu Tuud

989 RMSE wu1dA1 RMSE 7191071 Taganzluiusauiisunuanulsensnivinnisnagaulu

a ol |

anuwazRediufeld Training set uas Test set [Wudoyagaietiungumgliseguiseiu

Y

Ambient Temperature. - MAE(%) < RMS(%) STDDEV(%) MAX(%)

25°C 0.774 1.110 0.796 3.692
10°C 0.782 0.995 0.616 4.047
0°C 2.088 2.444 1270 6.687
Varying

temperature 1.606 2.038 1.256 5815

'
[

Ul 4.31 RMSE msUszanauanuzUszqlag LSTM veaantAdenniuian (1) [24]

PAY PN o vis Wi R []
Models

RMSE MAE MaxAE
E%I 9.5% 8.5% 19.3%
LSTM | 5.0% 41% 12.8%

v

gil‘i‘?'i 4.32 RMSE nsUssanasaniugdsealae LSTM 9999712 BN (2) [25]

Ambient Temperature RMSE (%)
25 °c 0.67
45 °c 1.86
0 °c 6.50
Varying temperature 0.32

5UN 4.33 RMSE msuszanasantugyszalag LSTM Yasineiinusiaul



79

uni 5

A3UNANITIVLLASVBLEUD Y

5.1 a@3Unan1sidy

TuAnerinusiauiiaueisnsUszanaaniuzdsyquosuunneiaiionlesaulngld
TnseneUsyamiisnsfianilafifidedn Long short-term memory (LSTM) Tunsuszuna
anuzUseq vieanunsniFenldinduis data-driven lunisadrsluimalaseie LSTM Ald
dmfunsUszanuaniugUsravesunmes Winednusiauiazldnim Python wax
library TensorFlow Tunisasnsluna laglunalassvie LSTM Usenounigdiuiueas
Uszawilu Hidden layer 10 wad a1niuvinisiindunasvnaeulinalagld Training set
way Test set {WWlUsludnszualui WLTP Tuusiaz Class lakn WLTP Class1, WLTP Class2,
WLTP Class3 uag WLTP Mixed Class 5oudaluslndisnaasnisd swesoudlniinly
FAndseariudasznoufolmniunsie, M38AUsEy wazn1sh ANHANIINAEUNUTN
lunalasedne LSTM fiusganiamlunisussanaaniusyssalaegegnasauazusiugn Tund
94 RMSE Ui RMSE Jftosann §1min Training set kaz Test set 1ugadoyadduiil
AdTius Beteyaiu wazlumsvaasuilguvgiivne sxdeadiunavesanmgiiliiuluna
Tssthede ilesnngumgiifnarensussanuanuz sy vesunined el

Tunalasedie LSTM luszdnsnnlunisesunengdnssunbiidudaduresiunines

5.2 YaLAUuaLUL

Tunsianuluaalasswne LSTM g1y GPU (Graphic Processing Unit) %38 TPU
(Tensor Processing Unit) Tun1susganana §9luinalasawie LSTM Svunaraudrslgjdn
win GPU luuseneenaldianvssunanansutisuiu wsen1mnld TPU Tunisuseuianuy
Google Colab AlalildusnsuaAreudndldnaruvlunisuszinana dmnlido ufiang
TPU infuiiewfiunnudalunisuszanana warlunmsvaaeulumalassgng LSTM d1n
Training set wag Test set iuyndoyaiilsifianuduiudidedoyadu sgvhlianuzdseails

MnMsUszanalliifinnugndesiazisiug



80

1ONE15919D4

[1] Gregory L. Plett. Battery Management Systems Battery Modeling. Boston.
Artech House. 2015.

[2] Gregory L. Plett. Battery Management Systems Battery Equivalent-Circuit
Methods. Boston. Artech House. 2015.

[3] I. Goodfellow, Y. Bengio, A. Courville. Deep Learning. MIT Press. 2016.

[4] Manjot Kaur and Aakash Mohta. “A Review of Deep Learning with Recurrent
Neural Network” 2019 International Conference on Smart Systems and Inventive

Technology (ICSSIT), pp. 460-465, 2019.

[5] Sepp Hochreiter and Jirgen SchmidhuberY. “Long Short-Term Memory” Neural
Computation, vol. 9, issue 8, pp. 1735-1780, 1997.

[6] Zhekai Du, Lin Zuo, Jingjing Li, Yu Liu and Heng Tao Shen. “Data-Driven Estimation
of Remaining Useful Lifetime and State of Charge for Lithium-lon Battery” IEEE

Transactions on Transportation Electrification, vol. 8, issue 1, pp. 356-357, 2022.

[7] Xu, K. “Nonaqueous liquid electrolytes for lithium-based rechargeable batteries”

Chem. Rev, pp. 43034418, 2004,

[8] Jeff ShepardJune. “The difference between lithium ion and lithium polymer

batteries” [Onlinel.- Available .- https.//www.batterypowertips.com/difference-

between-lithium-ion-lithium-polymer-batteries-fag/. ~2021.

[9] Rui Xiong. Battery Management Algorithm for Electric Vehicles. Beijing.
Springer. 2020.

[10] neuiiush aszqua. 3aul Al:Deep Learning @98 Python. nN3awws. dulnaifife.

2565.

[11] Mei Liu, Liangming Chen, Xiaohao Du, Long Jin and Mingsheng Shang. “Activated
Gradients for Deep Neural Networks” IEEE Transactions on Neural Networks and

Learning Systems, pp. 1-13.


https://www.batterypowertips.com/difference-between-lithium-ion-lithium-polymer-batteries-faq/
https://www.batterypowertips.com/difference-between-lithium-ion-lithium-polymer-batteries-faq/

81

[12] Kyungnam Park, Yohwan Choi, Won Jae Choi, Hee-Yeon Ryu, Hongseok Kim.
“L.STM-Based Battery Remaining Useful Life Prediction With Multi-Channel Charging
Profiles” IEEE Access, vol. 8, pp. 20786 — 20798, 2020.

[13] Liz Upton. “Raspberry Pi 4 Model B.” [Online]. Available :

https://www.raspberrypi.com/products/raspberry-pi-4-model-b/. 2020.

[14] Analog Devices. “18-Cell Battery Stack Monitor with Daisy Chain Interface
LTC6813-1.” [Online]. Available : https://www.analog.com/en/products/(tc6813-

L.html. 2020

[15] Analog Devices. “Daisy chain.” [Online]. Available :

https://www.analog.com/en/technical-articles/daisychaining-spi-devices.html 2006.

[16] Analog Devices. “DEMO MANUAL DC2350B.” [Online]. Available :

https://www.analog.com/media/en/technical-documentation/userguides/dc2350b.pdf

2020

[17] ThaiEasyElec. “UnA2My ESPino32 audl 9 N15aea15aunsauuy SPL” [Onlinel.

Available : https://blog.thaieasyelec.com/espino32-ch9-how-to-use-spi/ 2020

[18] Thomas Brand “lsolated SPI Communication Made Easy.” [Onlinel].

Available ¢ _https://www.analog.com/en/technical-articles/isolated-spi-

communication-made-easy.html 2015.

[19] Analog Devices. “DEMO MANUAL DC2792B.” [Online]. Available :

https://www.analog.com/en/design-center/evaluation-hardware-and-

software/evaluation-boards-kits/dec2792b.html2020.

[20]  Analog Devices. “Linduino One.” [Online]. Available :

https://www.analog.com/en/design-center/evaluation-hardware-and-

software/evaluation-boards-kits/dc2026c.html 2020.

[21] Lee Yong Seok. “Lithium-lon Battery LGGBMJ11865.” [Online]. Available :

https://secondlifestorage.com/index.php?threads/lg-lgebmj11865-cell-

specifications.8109/. 2015.



https://www.raspberrypi.com/products/raspberry-pi-4-model-b/
https://www.analog.com/en/products/ltc6813-1.html
https://www.analog.com/en/products/ltc6813-1.html
https://www.analog.com/en/technical-articles/daisychaining-spi-devices.html
https://www.analog.com/media/en/technical-documentation/userguides/dc2350b.pdf
https://blog.thaieasyelec.com/espino32-ch9-how-to-use-spi/
https://www.analog.com/en/technical-articles/isolated-spi-communication-made-easy.html
https://www.analog.com/en/technical-articles/isolated-spi-communication-made-easy.html
https://www.analog.com/en/design-center/evaluation-hardware-and-software/evaluation-boards-kits/dc2792b.html
https://www.analog.com/en/design-center/evaluation-hardware-and-software/evaluation-boards-kits/dc2792b.html
https://www.analog.com/en/design-center/evaluation-hardware-and-software/evaluation-boards-kits/dc2026c.html
https://www.analog.com/en/design-center/evaluation-hardware-and-software/evaluation-boards-kits/dc2026c.html
https://secondlifestorage.com/index.php?threads/lg-lgebmj11865-cell-specifications.8109/
https://secondlifestorage.com/index.php?threads/lg-lgebmj11865-cell-specifications.8109/

82

[22] Rigol. “DC Electronic Power Supply DL811 wag DC Electronic Load DP3021.”

[Online]. Available : https:.//www.rigolna.com/products/dc-power-loads/. 2011.

[23] John Deere. “Worldwide Harmonized Light Vehicles Test Cycle (WLTC).”

[Online]. Available : https://dieselnet.com/standards/cycles/wltp.php. 2019.

[24] S. Bockrath, A. Rosskopf, S. Koffel, S. Waldhor, K. Srivastava and V.R.H. Lorentz.
“State of Charge Estimation using Recurrent Neural Networks with Long Short-Term
Memory for Lithium-lon Batteries” IECON 2019 - 45th Annual Conference of the
IEEE Industrial Electronics Society, pp. 2507-2511, 2019.

[25] Ephrem Chemali, Phillip J. Kollmeyer, Matthias Preindl, Ryan Ahmed and Ali
Emadi. “Long Short-Term Memory Networks for Accurate State-of-Charge Estimation
of Li-ion Batteries” IEEE Transactions on Industrial Electronics, vol. 65, issue 8, pp.

6730 - 6739, 2018.

[26] Texas Instruments. “INA253A3.” [Online]. Available :
https://www.ti.com/lit/ds/symlink/ina253.pdf?ts=1696362097832&ref url=https%253A

9%252F%252Fwww.coogle.co.th%252F 2018.

[27] Carlos Vidal, Pawel Malysz, Mina Naguib, Ali Emadi, Phillip J. Kollmeyer.
“Estimating battery state of charge using recurrent and non-recurrent neural

networks” Journal of Energy Storage. vol. 47, 2022.


https://www.rigolna.com/products/dc-power-loads/
https://dieselnet.com/standards/cycles/wltp.php
https://www.ti.com/lit/ds/symlink/ina253.pdf?ts=1696362097832&ref_url=https%253A%252F%252Fwww.google.co.th%252F
https://www.ti.com/lit/ds/symlink/ina253.pdf?ts=1696362097832&ref_url=https%253A%252F%252Fwww.google.co.th%252F

ATANUIN N.

NAITULNYNUINYIRNUSNLASUNIS

a a 1

WHNE

NEILLNS

83



84

LGOLOLODODODOOOOOL

The 9th International Conference on Engineering,

1 1% Applied Sciences and Technology

\ _ N

‘ \ ‘ eaSt 1 -4 June 2023, at Vientiane, Lao PDR
\ \

202 3 The International Conference on Engineering, Applied Sciences and

Vientiane, Lao PDR. Technology (ICEAST) was inaugurated in 2007 to provide opportunities for

‘ enhancing collaboration and exploring current interdisciplinary topics. This
year is the 9th event and being held in Vientiane, Lao, a prime location in Lag@
PDR which has overfull of things to see and things to do.

Honorary Chairs Technical Committee
* Komsan Maleesee (KMITL, Thailand) * Pichaya Supanakoon (KMITL, Thailand)
* Oudom Phonekhampheng (NUOL, Lao PDR) * Nachanant Chitanont (KMITL, Thailand)
* Pongsakorn Yuthagovit (IEEE Thailand Section, Thailand) « Khamphong Khongsomboon (NUOL, Lao PDR)
* Anantawat Kunakorn (KMITL, Thailand) * Savath Saypadith (NUOL, Lao PDR)
i * Senglathsamy Chanthamenavong (NUOL, Lao PDR)
General Chair ¢ Vilay Vannaladsaysy (NUOL, Lao PDR)
* Somyot Kaitwanidvilai (KMITL, Thailand) * Soumek Inthala (NUOL, Lao PDR)
General Co-Chairs Special Session Chairs -
* Sathaporn Promwong * Norasage Pattanadech (KMITL, Thailand)
(IEEE BTS Thailand Chapter, Thailand) * Rachen Kanahna (PBRU, Thailand)
* Khamphoui Southisombath (NUOL,Lao PDR)
. i Publication Chairs
Organizing-Chairs * Nattapan Sukwansukho (IEEE BTS, Thailand Chapter)
® Chanin Bunlaksananusorn (KMITL, Thailand) * Chayapol Khamyod (MFU, Thailand)
* Soulyphan Kannitha (NUOL, Lao PDR) « Khamphao Sisaat (NUOL, Lao PDR)
International Advisory C i (1AC) Information System Chair/ Performance Publicity/
* Yoshikazu Miyanaka (Hokkaido University, Public Relation Chairs
Jap?"). * Jirapat Sangthong (MUT, Thailand)
* Jun-ichi Takada (Tokyo Tech.,_ Japan) * Wipassorn Vinicchayakul (CATC, Thailand)
* Takao Onoye (Osaka University, Japan) o Virot Wuti (KMITL, Thailand)
* Kazuhiko Hamamoto (Tokai University, Japan) e Rathachai Chawuthai (KMITL, Thailand)
* Kyung Sup Kwak (Inha University, South Korea) « Ammata Lhuangphon (KMITL, Thailand)
* Dusit Niyato (NTU, Singapore)
* Tadashi Ariga (Tokai University, Japan) Financial Chairs
* Tomotaka Homae (National Institute of « Wiboon Promphanich (KMITL, Thailand)
Technology,Toyama College, Japan) * Vidhya Rugpong (IEEE Thailand Section, Thailand)
* Nobutaka Ito (Chiang Mai University, Thailand)
* Satoru Seto (National Institute of Technology, Registration Chairs Technical Tracks
IshikawaCollege, Japan) * Phouthong Southisombath (NUOL, Lao PDR) Frack1—industrial—Engineering;,—Materials
* Kuniaki Yajima (National Institute of Technology, * Vimontha Khieovongphachanh (NUOL, Lao PDR) and-Manufacturing
Sendai College, Japan) * Sanit Teawchim (KMITL, Thailand) Track2—Mechanical-Mechatronics-and-Civi-Engineering
* Somphone Kanthavong (NUOL, Lao PDR) “ % 7 S
* Phonekeo Chanthamaly (NUOL, Lao PDR) Indt-a—FeedTehemoeal-and-Agﬂe«#twal-Engmeefmg
* Sengpasong Phrakonekham (NUOL, Lao PDR) Sponsor & Exhibition Chairs Track 4 Te}ecommunlcatlons, ) Computer
* Eryk Dutkiewicz (University of Technology Sydney, « Thanadon Mankong (N&N Project, Thailand) Science, Instrumentation and Control,
fustrslia) - *Xaythavy Louangyilay (NUOL, Lao PDR) Electrical and Electronic Engineering
. i i . . . .
Nive My lof Maw {MTU. Mysoowg] * Bundit R"'C_k"e”’tham (MCOT, Thailand) Track 5 Acoustic and music engineering, The
|CEAST Steering Committ S orekeR Kk [LaCTEL Lo RORY science and applications of music
eering Committee
* Sathaporn Promwong Local Arrangements Chairs technology, and other related fields
(IEEE BTS, Thailand Chapter and KMITL, Thailand) * Phosy Panthongsy (NUOL, Lao PDR)
* Wiboon Promphanich (KMITL, Thailand) * Saysamone Soysouvanh (NUOL, Lao PDR)
* Norasage Pattanadech (KMITL, Thailand)
® Chanin Bunlaksananusorn (KMITL, Thailand) General Secretary IMF_’ORTANTD’:\TES
. TheeraYoc-i Wiar}gtong (KMFrLf Thailand) * Thanadol Tiengthong (IEEE BTS, Thailand Chapter) Online Submission Open gq—?,—:g;fzz
* Vanchai Riewruja (KMITL, Thailand) « Donekeo Lakanchanh (NUOL, Lao PDR) o ) ec 16,
* Worapong Tangsrirat (KMITL, Thailand) Paper Submission Deadline Dec 12,2022

* Uma Seeboonruang (KMITL, Thailand) Post-confereEmmblication (!"'Final Extended!!!) Jan-13,2023
* Chuwong Phongcharoenpanich (KMITL Thailand) g Feb 17,2023
« Chaowalit Hamontree (KMITL, Thailand) * We regret to inform you that due to unforeseen Feb 28, 2023 ‘
« Khamphoui Southisombat (NUOL, Lao PDR) circumstances, we have had to make the difficult decision Hodfesian ot Arceptinice .
« Somsanouk Pathoumvanh (NUOL, Lao PDR) tlo ;ancl(elzthre:;racl;saof our upcoming conference: Track (111Final Extended! 1) \
* Khanthanou Luangxaysana (NUOL, Lao PDR) , Irack Z, and lrack 5. March 102023
* Phouthong Southisombath (NUOL, Lao PDR 2
* Myint Thegin (YTU, Myanma:) ) * The accepted papers in Track 4 - 5 will be submitted for March 20, 2023
* Sint Soe (MTU, Myanmar) inclusion into IEEE Xplore. (Prospective authors in tracks Final Paper Submission Mareh-20-2023
* Myo Myint Maw (Mandalay Technological University, 4 - 5 are invited to submit original full papers WITHouT ~ Deadline March-31,-2023
Myanmar) authors’ names and affiliations, in English, of 4 pagesin  (!!!Final Extended!!!) April 21, 2023
* Thanadol Tiengthong (IEEE BTS, Thailand Chapter) standard IEEE two-column format only, reporting their Author Registration Deadline ~ March-20,2023
* Thanadon Mankong (N&N Project, Thailand) original work and results, applications, and/or (!!!Final Extended!!!) Mareh31,2023
* Nattapan Sukwansukho (IEEE BTS, Thailand Chapter) implementation in one or more of the listed areas. Papers April 21, 2023
* Sukkasem Pathumthong (IEEE BTS, Thailand Chapter) it pe submitted online only through the submission  Conference Date June 1-4, 2023

Technical Program Chairs system of the conference website)
* Khanthanou Luangxaysana (NUOL, Lao PDR)
® Sarun Duangsuwan (KMITL, Thailand)

* Aditep Chaisang (RBRU, Thailand)

Contact

‘Website: https://iceast.kmitl.ac.th/2023/
Email: iceast.con@gmail.com

e-@::t::'O'U‘l}q\ﬂ, 3

Technical sponsor by

9 IEEE [ "“‘“;;,
- Buuuus s;caorq ° 11118
AN

D,




2023 9th International Conference on Engineering, Applied Sciences, and Technology (ICEAST) | 979-8-3503-2204-0/23/$31.00 ©2023 IEEE | DOI: 10.1109/ICEAST58324.2023.10157691

85

Comparison of Extended Kalman Filter and Long
Short-Term Memory Neural Network for State of
Charge Estimation of Lithium-Ion Battery

Kritayod Rupanwong Supat Kittiratsatcha Sompob Polmai
Department of Electiical Engineering, Department of Electiical Engineering, Department of Electrical Engineering,
School of Engineering School of Engineering School of Engineering
King Mongkut’s Institute of Technology King Mongkut's institute of Technology King Mongkut’s Institute of Technology
Ladkrabang Ladkrabang Ladkrabang
Bangkok 10520, Thailand Bangkok 10520, Thailand Bangkok 10520, Thailand
64601015@kmitl.ac.th supat.ki@kmitl.ac.th sompob.po@kmitl.ac.th

Corresponding authors : Kritayod Rupanwong and Supat Kittiratsatcha

Abstract— The state of charge (SoC) estimation for lithium-
ion batteries is an essential function of the battery management
system (BMS) for ensuring reliable operation of electric
vehicles. The nonlinear behavior of the battery makes
estimating of SoC a challenging task. In this paper, SoC
estimation based on model-based and data-driven methodology
are implemented and compared. In the case of model-based
estimation, static OCV-SOC test, AC impedance measurement
and system identification technique are utilized to obtain
accurate third order equivalent circuit model of the battery.
Subsequently, SoC was estimated using Extended Kalman Filter
(EKF). In the case of data-driven estimation, long short-term
memory recurrent neural network (LSTM-RNN) is adopted.
The Input that fed into the network are terminal voltage and
current, while output is SoC. The training set is WLTP Class 3
driving cycle, and the test set is WLTP Class 2 driving cycle. The
performance of state estimation based on EKF and LSTM-RNN
is evaluated through the RMSE. Considering only the accuracy
of estimation, the SoC estimation using EKF is more accurate
than LSTM-RNN, demonstrating the effectiveness of model-
based state estimation.

Keywords—State Estimation, SoC (State of Charge), Extended
Kalman Filter (EKF), Long short-term memory (LSTM)

I. INTRODUCTION

Nowadays, lithium ion batteries are utilized in electric
vehicles (EV). In EVs, battery management system (BMS) [1]
is essential to ensure the safety, performances and cycle life of
the battery. On the performances front, BMS serves several
functions including state of charge (SoC), state of power
(SoP), and state of energy (SoE) estimations. On the safety
front, BMS ensure safety of operator from electric shock
hazard and safety of battery from operating fault such as over
charge, over discharge, over temperature, low temperature and
external short circuit. On the cycle life front, BMS should be
capable of estimating the state of health (SoH) and the
remaining utilization life of the battery pack. The SoC and
SoH estimations of the battery are the most challenging task
of the BMS due to the nonlinear characteristics of the Li-ion
battery. In this paper, two method of SoC estimation are
investigated and compared.

Open circuit voltage (OCV) and the Coulomb counting
are commonly the most prevalent methods for SoC estimation.
In term of OCV method, SoC can be estimated based on the
relationship between SoC and OCV. Although it is simple to
estimate SoC using this method, SoC cannot be estimated
during battery operation because OCV can be directly

979-8-3503-2204-0/23/$31.00 ©2023 IEEE

measured only when the battery is in static equilibrium. In
Coulomb counting method, SoC can be calculated by time-
integrating the battery current. The accuracy of a SoC estimate
using this method depends on current sensor offset and gain
errors, and the initial SoC error; as a result, SoC calibration
(by resetting or readjustment at the battery resting state
according to the OCV-SoC characteristic) is necessary to
decrease the cumulative error.

In modem BMS, the model-based method has been
implemented. Extended Kaman filter (EKF) and unscented
Kalman filter (UKF) are the most studied and reported
techniques for SoC estimation. UKF has improved
performance over EKF due to higher order linearization of the
battery nonlinear behavior, resulting in more accurate
estimation of SoC in noisy environment. However, UKF
requires more calculation step comparing to the EKF [2].
Both technique require accurate equivalent circuit model
(ECM) of the battery, so various testes have to be carried out,
including OCV-SoC characteristics test, impedance
measurement and parameter identification. Beside the SoC
estimation, EKF and UKF can also estimate some of ECM
parameters, such as electrolytic resistance, at the same time.
The ECM parameters can be used to estimate SoP and SoH of
the battery pack.

In contrary to the model-based method, the data-driven
technique do not require prior knowledge of ECM. Artificial
Intelligence (AI) technology has recently been applied to state
estimation based on artificial neural network (ANN) [3]. It is
similar to a black box in that a large number of inputs and
outputs are required to train the network. Because the SoC of
the current state depends on the current and previous state of
operations, the Long short term memory recurrent neural
network (LSTM-RNN) has been proposed for SoC and SoH
estimation [4],[5]. Data set has to be prepared and divided for
training and validation.

The EKF based SOC estimation has been reported by
many authors, first or second order ECM are mostly used. The
low order number and inaccurate ECM may be reasons for low
accuracy SoC estimation. To improve the estimation
accuracy, in this paper the third order ECM is adopted and the
ECM parameters are obtained using system identification
technique. In the case of data-driven estimation, in this paper,
long short-term memory recurrent neural network (LSTM-
RNN) is adopted. The LSTM RNN is trained using WLTP
Class 3 dataset and tested using WLTP Class 2 dataset. The
SoC estimation results are compared and reported.
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II. BATTERY ESTIMATION METHODS

A. ECM

Due to the nonlinear behavior of the battery, the extended
Kalman filter (EKF) algorithm is implemented for SoC
estimation. The EKF based SOC estimation has been reported
using first or second order ECM but the SoC estimation
accuracy is not good. To improve the accuracy, in this paper
the third order ECM is adopted and the ECM parameters are
obtained using system identification technique. Fig. 1 shows
the 3™ order ECM of lithium-ion battery. In this model, OCV
is open-circuit voltage, V: is terminal voltage, I is battery
charge or discharge current, Ry is the combined of electrolyte
resistance and charge transfer resistance, and Ri, Ci, R, Ca,
R3, Cs are the Foster’s equivalent of Warburg impedance [2].
The electric double layer capacitance is neglected because the
time constant of the charge transfer in the SEI region is much
lower than the sampling period.
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Fig. 1 Battery Equivalent Circuit Model 3™ order

B. OCV-SoC Curve

The relationship between OCV and SoC is nonlinear and
it can be obtained using various test procedures. In this paper
the static C/30 charge-discharge test method is adopted.
LGGBMJ11865 cell with a nominal voltage of 3.7 V and a
rated capacity of 3.25 Ah was placed in a temperature chamber
maintained at 25 degree Celsius. The data is recorded every
second and the charge capacity and discharge capacity are
obtained. The charge SoC and discharge SoC are calculated
according to equation (1). The charge voltage and discharge
voltage are then interpolated to the same 1000 SoC points (0.0
to 99.9% with 0.1% step). The OCV is obtained from the
average between the charge voltage and discharge voltage.
Fig. 2 show the experimental result of OCV-SoC test. The
Matlab cftool is used to fit the curve using Gaussian model of
eight term.

Charge Curve

QOCV Curve

Discharge Curve

Torminal Voltage (V)

Stage Of Charge (£S00)

Fig. 2. The graph illustrates relationship between OCV and SoC.
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ft I(t)dt
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SoC(t) = SoC(t,) + (1)

C. ECM Parameters Identification

LGGBMIJ11865 at 50% SoC was subjected to impedance
tester BT4560 for ac impedance measurement. The frequency
was varied from 1kHz to 0.1Hz and the impedance at these
frequency is recorded. The ECM parameters are then obtained
using impedance fitting software. These parameters are
considered to be the initial guess for the next system
identification stage using Matlab linear grey box model
estimation. Because the tool is for linear model estimation, the
ECM has to be linearized first. By substitute V-OCV(SoC) in
(3) with Av as shown in (4), the ECM can be easily
transformed to a linear model. V is the measured value and
the SoC, which can be estimated by coulomb counting, is used
to -estimate OCV. The WLTP Class 3 driving profile
experiment was carried out and the experimental data is used
to identify ECM parameters. The result is shown in Table 1.
The ECM parameters gave about 96% fit with the
experimental results.

1 1

&7 - I . RiCy
dig LA . W EN
[ ] 0 RyCo [lR] . RG> : @
1 1:
1 0% ) 7% %G

vy = OCV(SoC) — Rgi — Ryigy — Ryigs — Rains  (3)
AV = Rgi + Ryigs + Ryig, + Raigs ()

TABLEI PARAMTERS IN BATTERY EQUIVALENT CIRCUIT MODEL

Ro R R R; C C C;
(mQ) | mQ) | (mQ) | (mQ) | (kF) | &F) | kF)
Initial 339 13.31 148 0.53 137 137 137
Parameter
System 36.48 | 10.90 0.92 1.93 1686 | 13.07 | 224
Identification
D. EKF

The EKF algorithm consists of a State Transition function
and Measurement function which can be expressed
respectively as follows:

X1 = [0 ug) + wy (5)
Y = h(a) + vy (6)

Where uy is input, y is output, X is state variable, wy is
process noise, and vi is measurement noise.

From the EMC shown in Fig. 1, it can be expressed in the
form of a State Transition function and a Measurement
function as follows:

1 0
x [k + 1] T X, [k]
x[k+1]| 0 eR1C1 —Ts 0 x,[k] §
x3[k + 1] 0 eR2C2 0 x3[k]
Wk +1] 0 oRals ALd
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ylk] = OCV (x,[k]) — Rou[k]
—Xp[k] — x3[k] — x4 [k] + v[k]  (8)

Where xi[k] is SoC, x2[k] is vi[k], x3[k] is vo[k], x4[K] is
va[k], u[k] is i[k], y[k] is wi[k]. OCV(SoC) is the OCV-SoC
relationship obtained from static OCV-SoC test.

E. Long short-term memory RNN

In battery state estimation, the SoC of the current state
depends on the current and previous state of operation so the
input datasets consist of a sequence of time series data. By this
nature, recurrent neural network (RNN) is considered to be a
suitable ANN structure. However, RNN will encounter issue
when input datasets contain long sequence data, the gradient
values implemented in updating weights will decrease over
time until it vanishes. Hence, the weight is no longer updated.
This issue is called vanishing gradient [3]. Furthermore, RNN
only has short-term memory but no long-term memory. In
order to solve these issues, LSTM-RNN is invented, which
has both long-term and short-term memory. It is feasible to
estimate SoC more accurately.

The structure of LSTM is shown in Fig. 3, which consists
of a forget gate, an input gate, and an output gate. The forget
gate decides whether or not the previous state of the cell will
be forgotten or retained. The input gate decides whether to
receive new input values and the previous hidden state in order
to update the cell state, while the output gate decides whether
to transmit the current hidden state to the following state.
LSTM structure can be expressed as the following equations:

Where Xx; is the input, b is the hidden state or short-term
memory, c; is the cell state or long-term memory at time t, C;
is the memory at the current state, f;, i, and o are the forget
gate, input gate, and output gate respectively. The activation
functions are Sigmoid (o) and Hyperbolic Tangent (tanh)
functions. W and b are the weights and biases of each cell.

hy

Ce

by hy

ze

Fig. 3. The structure of LSTM
fe = 6 Wyexe + Wiphe s + by) 9
it = O'(Wxixt + Whiht—l + bl) (10)
0 = 0 (Wyoxy + Wyohe s + b,) (11)
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¢; = tanh (W x, + Wy he_y + b))  (12)

=061+ 1O & (13)

h: = o O tanh (c;) (14)
III. SIMULATION RESULTS

A. Battery current profile

The input current profile for state estimation is a profile
that simulates the operation of an electric vehicle. In this
paper the Matlab EV Reference Applications Model is used
to generate the input current profile for experiment. The
driving cycle sources are WLTP Class 2 and WLTP Class 3.
The current is normalized to the cell rated Ah and becomes
the command for the battery test set. The current and terminal
voltage are recorded and used for simulations. Fig. 4 shows
the WLTP Class 3 and WLTP Class 2 experimental results.

()
Fig. 4. The current and terminal voltage of mput profile, (a) WLTP Class2,
(b) WLTP Class3

The training set and test set for SoC estimation using
LSTM were WLTP Class 3 and WLTP Class 2, respectively.
The input of the model for SoC estimation using EKF was
WLTP Class 2.

B. EKF State Estimation

A model for SoC estimation is constructed using Matlab
Simulink Extended Kalman Filter block diagram, as shown
in Fig. 5. The initial SoC is evaluated from the OCV-SoC
relationship.

= | [—t+8
M-o—a o w_}j\ l
] "‘i =g lo=—pg
M _F= ) -ﬂ
= > — 3

Fig. 5. The state estimation model using an Extended Kalman Filter



C. LSTM Training and Test

The LSTM structure, as shown in Fig. 3, is used for state
estimations. The inputs are terminal voltage and current,
while the output is SoC. These hyperparameters have been
determined which are 10 hidden layers, 0.01 learning rate,
531 learner parameters, Adam as optimizer, Mean Squared
Error (MSE) and loss function. Then WLTP Class 3 is used
for the training dataset and WLTP Class 2 is used for testing
dataset. Fig. 6 illustrates the MSE obtained from the LSTM
network training. The training procedure stops at 19 epochs
and MSE decreased to 0.29.

1 A

tou vST)

Mean Squared

Fig. 6. The traming result of LSTM

D. Performance Evaluation

In general, the performance of state estimation based on
EKF and LSTM is evaluated through the Root Mean Squared
Error (RMSE). It can be expressed as shown in equation (15)

RMSE = J%Z?ﬂ(soci — SoC;)? (15)

Where n is number of SoC data, SoC; is real SoC, and
SoC; is SoC from estimated.

E. Comparison between EKF and LSTM

From the simulation results, the RMSE from EKF is
0.01% and from LSTM is 0.54%. They are shown in Fig. 7
and 8 respectively. It can be seen that the SoC estimation using
EKF almost completely overlaps with the actual SoC,
compared to the SoC estimation using LSTM, which has a
slightly discrepancy with the actual SoC.

The SoC estimation using EKF is more accurate than the
SoC estimation using LSTM. Since, the EKF can clearly
explain the nonlinear behavior of the battery. However, the
EKF requires a considerable amount of time to prepare the
model parameters, whereas the LSTM just requires input and
output data feeding into the network for SoC estimation.

Pt Staye of Ourge (4500
/
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Fig. 7. The graph illustrates the comparison between actual and
estimated SoC using EKF.
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Fig. 8. The graph illustrates the comparison between actual and
estimated SoC using LSTM.

IV. CoNcLUsION

In this paper, two methods of SoC estimation have been
performed and compared. The model-based technique using
EKF for 3 order ECM has been proposed. This method
requires a set of test to obtain OCV-SoC characteristic and
accurate ECM parameters. As a result, the SoC has been
estimated with very high accuracy. The data-driven technique
has been proposed using 10 hidden layer LSTM-RNN. The
WLTP Class 3 driving cycle dataset was used for training and
the WLTP Class 2 data set was used for test. The simulation
of LSTM technique has 0.54% RMSE. In term of RMSE,
EKF technique has better result. In this paper, however, the
influence of operating temperatures was not taken into
account. The future work will cover a range of operating
temperatures and various driving cycles.
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