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1) Recurrent Neural Network(RNN)
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2) Long-Short Term Memory(LSTM)

RNN2 < ARE A 1T 4 AT dgo] 31 Ajg2z=o) ta] 7] s}
= Wx2E 7} #obA gradient &~ 2 FF LAV DA = ) o]y ©HA

S FE37] Y LSTM(Long-Short Term Memory) A<S Al-&3ch LSTMS

= -1 6
gradient 24 ¥ ZF FAE F53H7] 98] AFEHATE T”-29 o] LSTM
2 Input, Output, Forget, Update gate® T ¥ t}. Forget gateoll A+ o] H|

2 deell A Fole deA AAstal, Input gatedll M= A& BopEdA 4

=

|t

A3k Output gatedll A= M2 F7|7F WY E AT o] gk LSTME

vl 7FA] & A4 AT TR 5F A Zr] 719, @] 71, 948 A
A2 s WolEola AE2E 7] 719, A2 BV 719E& st A= 4
5289 Input gatet= ol Aurt A= AHolof A AAse dTS
sttt Input gate®] 734 212 (2)¥ Zr
iy =o(Wr* [ht—l,xt] +b;) (2)
2l () A AxRE x= WEe 24 ¥ HAS YERAY Forget gate® © A
vl Ego A FAE AR E A, 2(3)7 2
fo=a(W*h, 2, +0b,) (3)
Al o] AEl= Update gateoll &3l HJHlolEXM, 2 (4), B} 2t
C=tanh(W,[h, _,2,] +b,) (4)
Ct:ft*ct—1+it*gt (5)

o] A Stepel Hidden layert o3 #o] &3S dHolE 3+ Output gate

of o ddolE = 4 (6), (N} 2ot



o, =a(W,*[h, 1,1 +b,) (6)

h, = o,*tanh(c,) (7)
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3) Gated Recurrent Unit(GRU)

GRU+= LSTMY Fx& 1tshAl 714 ske] Reset gate?t Update gate® -4

Aok LSTMe vl steprlg 7k Fol57] el ddbgke] o=t

Update gatex= LSTM®| Forget gate$} Input gate &S 93

ol

ool A

ol A ARE dvpy vk AdH Ol de AAeH, 4(8)3 2

Zt:O'(I/VZ*[ht,ﬂL't]) (8)
A0 A = WHY 84 wAlS UEdT Update gate®] Z3+= Hidden

state2 X AT} Reset gate™ oA A|He ARE %73} 3t 2197 2}

r,=o(W*h,_,x,]) (9)

Hidden state:= ©] A A Hol| Reset gate?] Z¥E ¥H3] 2oz Yud HH

= Mgt} Hidden state?] 2] (10), (11)3} #th

h,= tanh (W*[r,*h,_,,2,]) (10)

hy = (1—z,)*h, | +2,*h, (11)
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4) Transformer

AAE dole A2 & 93 Transformer encoder®t decoderz T %o 3l
o Z}7}9]  encoder®t decoder= Multi-Head Attention Mechanism¥}
Feed-Forward Neural Network=® T4 ¥lt}. Attention mechanism®| 384 <

21 (12)¢F 2t

T
Attention(Q, K, V) = softmax ( QK %4 (12)

N

2o A Q¥ Query, K& Key, V¥ ValueE 97| 3t}
MitiHead(H'™ ') = [head,,heady, ..., head, ] W° (13)

Transformer= RNN, LSTM¥} 22 gt Wol AA dlolHE Yer] o
o] Positional Encodingg %3 ®lo]E ¢ ¢ AAES Fd3} o] & 3 W
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2. gl § o] W€y dHeolH
B Ao A= NASA Ames Prognostics Center of Excellenceol A =73k
Aging data for 18650 LIBsE Z-&3ativt27]. £ 1 ZF "y Ao %=7] &
¥ Z=d AR, WA AF, Cut-off voltageE vrebdTE 4709 ¥ 2] (BO00S,
B0006, B0007, BO018)= 4294 Reference charge, Reference dischargeE W}
Hato] AEs daet 17 62 B0005S] T H i Z2AM2~E e
Reference charge® 7% CC-CV(Constant Current-Constant Voltage) Z71<
2 8 15A] AAFCOR kel 42Vel =add w7hx] 215, +4
A7 20mAR Hold wizbx] AAJRCVIeZ AL FH 3T Reference
discharge®] 7% Cut-off Ag7tA "@olad w71x 2A¢ CCE WA sitl vig
o Qdydx AL Av|gE dydx B33 (Electrochemical Impedance

Spectroscopy, EIS)S 2 =3 Ht}.

F 1 "+ ol " A

Battery Initial Charge Discharge Cut-off
label Capacity (Ah) Current (A) Current (A) Voltage (V)

B0005 1.86 2 1.5 2.7
B0006 2.04 2 1.5 2.5
B0007 1.89 2 1.5 2.2
B0018 1.86 2 1.5 2.5
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2) FF ol dEHZY g3t AE 2 L &4
g5 ol wig g9 w3 JEHli= Loss of Lithium Inventory(LLI), Loss of

Active Material(LAM), Conductivity Loss(CL)& #&F3 4 9 t}[29-30].. %2+=

LLI= wige] 54 33 sgols 2Adsts Fukdol o] AHE 73 ¢
B o]=9o] Z+Asl= #Aoltl. 2 Solid Electrolyte Interface(SEI) &9 A4
lithium plating©. & <13}e] WA3ICH31]. AFE 7153 gF o9 Az <ls)

ol wig ez} datent.

= el 4 8 Bl Bl gE ol 9 B fEol vbEEol A=
of EelA &4l Bk, i o9 kel FFES VAA "k o2 <

3 wielg]7} d3ldh, 22l lithium plating 2 Q138 A= &2 o=

2
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| &5 wEHy d3ts 7H&5st o

IC curve 54 4L 7|vte= gF o] viHz e &3} el digh A+
[23]e] wrE™ LLIE= IC curved peak® W3} 18311 LAME IC curve® Area
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(3% 2] 2ol viEele] &3t e 2 A3} dl[32]

Degradation
Potential aging mechanisms Effect
Mode
Electrolyte decomposition Capacity fade & Power fade
Oxidation of electrolyte Power fade
LLI Lithium plating Capacity fade & Power fade
Formation of Li grains Capacity fade & Power fade
Solvent co-intercalation Capacity fade & Power fade
Crystal structure disordering Capacity fade & Power fade
Electrode decomposition Capacity fade & Power fade
Formation of LI grains Capacity fade
LAM
Transition metal dissolution Power fade
Oxidation of the electrolyte Power fade
Lithium plating Capacity fade & Power fade
Current collector corrosion Power fade
CL

Binder Decomposition

Capacity fade
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1) SOH A &g &9 & Parameter setting

SOH F4 <1859 Parameter= 349 2t} m> Sample size, 7+
Learning late (< depth, s© Hidden size 133 A& Regularization for

learning S Y ERHA T

Models m T l s A
RNN 16 0.001 2 64 1076
LSTM 16 0.001 2 64 10°
GRU 16 0.001 2 64 1076
Transformer 16 0.005 1 32 1076
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\/121@1 — ) (18)
RMSE =
n
RE(%) = -2 y'y’ x 100 (19)
9 Aol A n& Test data2] 7N, v, A 3, v FEFHES YERAL o 7]A
RMSE+= F49 robustness®} 229l HAT S HAXHoOw B 4 91 MAE+
SOH +4 AgxE yepdu zgla, Ad exke] #4ks Hrkshrzl $18)
st AdsS vkl
B7tE

Boxplot& A}-&

_28_



gzl d wEe SOH 4 AdeS nlastid. 19 16, 17, 18, 19+ &
o wiEl2] 47 celld] AA SOH$ &aejs ¥ SOH 74 2dZE e

)
Woleh 4 daglsd MAE % RMSE+ 3% 59 #Zt

A4, RNNg ©]§3 SOH 4 ¢iglE MAES RMSEZ 7HE v 4]
& HoF2lth o= RNN9| A% o] dojd= TAst= 77 24

=AEZ A8l delE 9] loss7k LA sk, F4 o] 7HE vivhal dehE

LSTM¥ GRU®¢ 2<% RMSE7ZF 470 Cellol A 4% WA=t GRUS 7%

ins
2L
%0,
ui
re
(i
Hls
=
>,
A
5
o
fr
>
>
oo
ot
=
o,
1
o,
rjg

Transformer®] 7% RMSEZ} GRU<¢} Hluste]l 47 Cellol Al i 35.6%7}
S7hstath BE A-olA SOH 4 Aseol 7Hd HAoduds s & =+ 3
Transformer+ 7|9 Yol ¢arg]lE3 2] self-attention mechanisms Al
&3te] skttt wEkad RNN, LSTM, GRU9 @] AAE dHolE & A4 2
2 AYd ot 3, 8% HEY AE vt 717 4ol e

A 7] WZel deol 7HE wval dddn. ol& §a At el SOH

A
o
ox
gt
H
N
N
o
i
iu}
s
Py
o
e
4»

AT

_29_



5

5 %4 =elo] we SOH +4 A3

RNN LSTM GRU Transformer
BOOOS MAE 0.0124 0.0085 0.0080 0.0039
RMSE 0.0141 0.0099 0.0097 0.0078
BOOOK MAE 0.0221 0.0205 0.0219 0.0075
RMSE 0.0266 0.0253 0.0239 0.0090
BOOOT MAE 0.0100 0.0082 0.0080 0.0042
RMSE 0.0126 0.0103 0.0095 0.0069
BOOLS MAE 0.0102 0.0085 0.0088 0.0052
RMSE 0.0156 0.0137 0.0135 0.0089
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3 6 Definitions of Boxplot indicator

Indicator Definitions
Maximum The Smallest data larger than median + 1.5*IQR
Third The middle value between the median and the highest value of
quartile dataset
Median The middle value of the dataset
First The middle value between the median and the highest value of the
quartile dataset
Minimum The highest value larger than median - 1.5*IQR
0.025 F I I . . =
Nl
|
|
0.02 F | 1
| +
| +
|
5 0015 | |
10 I - |
) |
= ' |
< 001Ff ! | .
0 1 |
0.005 | 1
| T
| | |
. 1 L —+-
RNN LSTM GRU Transformer
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3E 7 B0005¢] SOH 4 &g
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W A o)

Maximu Third First Minimu
Methods Median IQR
m quartile quartile m
RNN 0.0234 0.0131 0.0079 0.0056 0.0004 0.0075
LSTM 0.0170 0.0088 0.0055 0.0034 0.0006 0.0054
GRU 0.0183 0.0082 0.0048 0.0029 0.0008 0.0053

Transformer 0.0036 0.0021 0.0012 0.0003 0.0001 0.0018

_35_



2 EroAe S &% A Y deld ¢85 Transformers o] &3
SOH F74 wWekS AtetAdtt. ol& AEst7] 98l NASA Ames Prognostics
Center of Excellenceoll 4] =43t Aging data for 18650 LIB dlo]E & A}-&-3}%

o},

FE 8Y BAWE AF ole uydy Arsetd RAWoR, A4 wee

o] &3} HHE FA4st d3 dJEs AT S Q. TR &% 4S8 1Y
3ol IC curveE F=3F% 1L, Gaussian filterS E3) IC curveE Smoothing 3}

Atk AAE IC curveoll A 2lF o]l viH Y Eslel #AE 54 IerHE

& FEOAAL, GHaA 245 T8 ddds ASsdth

o]Z &3, IC curve?l Peak, Peak position, AreaZ EA weln|g 2 53819
SOH F4 <18+ fdgdolg=z &8t & =wddA+= 7]£9 RNN,
LSTM, GRU 7|%¢] SOH F74 =23} AFsti= Transformer 7|18 SOH

4 mdel 4 vag o ARk

_36_



(1]

[2]

Cano, Z.P.; Banham, D.; Ye, S.; Hintennach, A.; Lu, J.; Fowler, M., Chen, Z.
Batteries and fuel cells for emerging electric vehiclemarkets. Nat. Energy
2018, 3, 279 - 2&9.

Nishi, Y. Lithium ion secondary batteries; Past 10 years and the future. J.
Power Sources 2001, 100, 101 - 106.

[3] Abada, S.; Marlair, G.; Lecocq, A.; Petit, M.; Sauvant-Moynot, V.; Huet, F.

Safety focused modeling of lithium-ion batteries: A review. J. Power
Sources 2016, 306, 178 - 192.

[4] Wang, Y.; Zhang, C.; Chen, Z. An adaptive remaining energy prediction

[5]

[6]

[7]

[8]

approach for lithium-ion batteries in electric vehicles. J. Power Sources
2016, 305, 80 - &8.

Feng, X, Lu, L.; Ouyang, M.; Li, J., He, X. A 3D thermal runaway
propagation model for a large format lithium ion batterymodule. Energy
2016, 115, 194 - 208.

Stroe, D.I.; Swierczynski, M., Stan, A.l.; Teodorescu, R.; Andreasen, S.].
Accelerated lifetime testing methodology for lifetime estimation of

lithium-ion batteries used in augmented wind power plants. IEEE Trans.
Ind. Appl. 2014, 50, 4006 - 4017.

Khumprom, P.; Yodo, N. A data-driven predictive prognostic model for
lithium-ion batteries based on a deep learning algorithm. Energies 2019, 12,
660.

Khumprom, P.; Yodo, N. A data-driven predictive prognostic model for
lithium-ion batteries based on a deep learning algorithm. Energies 2019, 12,
660.

[9] Plett, G.L. Extended Kalman filtering for battery management systems of

LiPB-based HEV battery packs—Part 1. Background. J. Power Sources
2004, 134, 252 - 261.

[10] Kim, Y., Bang, H. Introduction to Kalman Filter and Its Applications.

Introd. Implement. Kalman Filter 2019, 1, 1 - 16.

[11] Sepasi, S.; Ghorbani, R.; Liaw, B.Y. Inline state of health estimation of

lithium-ion batteries using state of charge calculation. ]J. Power Sources
2015, 299, 246 - 254.

_37_



[12] Chen, Z.P.;Wang, Q.T. The Application of UKF Algorithm for 18650-type
Lithium Battery SOH Estimation. Appl. Mech. Mater. 2014, 519 - 520, 1079 -
1084.

[13] Liang, J., Peng, X.-Y. Improved particle filter for nonlinear system state.
Electron. Lett. 2008, 44, 1275 - 1277.

[14] Miao, Q.; Xie, L.; Cui, H.; Liang,W.; Pecht, M. Remaining useful life
prediction of lithium-ion battery with unscented particle filter technique.
Microelectron. Reliab. 2013, 53, 805 - 810

[15] Liu, D.; Yin, X.; Song, Y., Liu,W.; Peng, Y. An on-line state of health
estimation of lithium—-ion battery using unscented particle filter. IEEE
Access 2018, 6, 40990 - 41001.

[16] Qu, J.; Liu, F.; Ma, Y.; Fan, J. A Neural-Network-Based Method for RUL
Prediction and SOH Monitoring of Lithium-Ion Battery. IEEE Access 2019,
7, 87178 - 87191.

[17] Oji, T.; Zhou, Y.; Ci, S.; Kang, F.; Chen, X.; Liu, X. Data-Driven Methods
for Battery SOH Estimation: Survey and a Critical Analysis. IEEE Access
2021, 9, 126903 - 126916.

[18] Nuhic, A.; Terzimehic, T.; Soczka-Guth, T.; Buchholz, M.; Dietmayer, K.
Health diagnosis and remaining useful life prognostics of lithium-ion
batteries using data—-driven methods. J. Power Sources 2013, 239, 680 - 688

[19] Liu, D.; Zhou, J.; Liao, H.; Peng, Y.; Peng, X. A health indicator extraction
and optimization framework for lithium-ion battery degradation modeling
and prognostics. IEEE Trans. Syst. Man Cybern. Syst. 2015, 45, 915 - 928.

[20] Li, Y.; Zhong, S.; Zhong, Q.; Shi, K. Lithium-ion battery state of health
monitoring based on ensemble learning. IEEE Access 2019, 7, 8754 - 8762.

[21] Ren, L.; Zhao, L.; Hong, S.; Zhao, S., Wang, H., Zhang, L. Remaining
Useful Life Prediction for Lithium-Ion Battery: A Deep Learning Approach.
IEEE Access 2018, 6, 50587 - 50598.

[22] You, G.W.; Park, S.; Oh, D. Diagnosis of Electric Vehicle Batteries Using
Recurrent Neural Networks. IEEE Trans. Ind. Electron. 2017, 64, 4885 -
4893.

[23] Park, M.-S.; Lee, J.-k.; Kim, B.-W. SOH Estimation of Li-Ion Battery
Using Discrete Wavelet Transform and Long Short-Term Memory Neural
Network. Appl. Sci. 2022, 12, 3996. https://doi.org/10.3390/app12083996

_38_



[24] D. Ansean et al, "Lithium-Ion Battery Degradation Indicators Via
Incremental Capacity Analysis,” in IEEE Transactions on Industry
Applications, vol. 55, no. 3, pp. 2992-3002, May-June 2019, doi:
10.1109/TTA.2019.2891213.

[25] LI, Xjaoyu, et al. State of health estimation for Li-Ion battery using
incremental capacity analysis and Gaussian process regression. Energy,
2020, 190: 116467.

[26] Vaswani, Ashish, et al. "Attention is all you need.” Advances in neural

information processing systems 30 (2017).

[27] B. Saha, K. Goebel, Battery data set, Available online:
https://ti.arc.nasa.gov/tech/ dash/groups/pcoe/prognostic-data-repository/

[28] B. Jia and M. Xin, "Data-Driven Enhanced Nonlinear Gaussian Filter,” in
IEEE Transactions on Circuits and Systems II: Express Briefs, vol. 67, no.
6, pp. 1144-1148, June 2020.

[29] VETTER, Jens, et al. Ageing mechanisms in lithium-ion batteries. Journal
of power sources, 2005, 147.1-2: 269-281.

[30] DUBARRY, Matthieu; TRUCHOT, Cyril, LIAW, Bor Yann. Synthesize
battery degradation modes via a diagnostic and prognostic model. Journal of
power sources, 2012, 219: 204-216.

[31] VERMA, Pallavi; MAIRE, Pascal; NOVAK, Petr. A review of the features
and analyses of the solid electrolyte interphase in Li-ion batteries.
Electrochimica Acta, 2010, 55.22: 6332-6341.

[32] PASTOR—FERNANDEZ, Carlos, et al. A comparison between
electrochemical impedance spectroscopy and incremental capacity-differential
voltage as Li-lon diagnostic techniques to identify and quantify the effects

of degradation modes within battery management systems. Journal of
Power Sources, 2017, 360: 301-318.

_39_



ABSTRACT

A Study on Lithium-ion Battery SOH Estimation Based

on Incremental Capacity Analysis and Transformer

Min Sick Park

Graduate school of Electrical Electronic and computer
Engineering
University of Ulsan

Ulsan, Korea

Lithium-ion batteries are used as an energy source for electric vehicles due to
their advantages such as high energy density, long life, and high efficiency. In
order to ensure the safe state of lithium-ion batteries under various driving
conditions the accurate state of charge (SOH) state of lithium-ion batteries must
be estimated. Therefore, for accurate SOH estimation, this paper analyzes the
deterioration state and deterioration causes of lithium-ion batteries by incremental
capacity analysis method, and extracts the characteristic for SOH estimation. Using
the extracted characteristic parameters, we grasped the cause of deterioration of
the current battery, and performed a correlation analysis to verify the usefulness of
the characteristic parameters. The SOH estimation method was studied using the
characteristic parameters verified by correlation analysis as the input of

Transformer for SOH estimation.

Key Words : Lithium-ion Battery, Incremental Capacity Analysis, Correlation

analysis, Deep learning, RNN(Recurrent Neural Network), LSTM(Long Short Term
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Memory), GRU(Gate Recurrent Unit) ,Transformer, SOH Estimation.
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