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2.3. RNN(Recurrent Neural Network)
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5.2. Dunn Index

Z 288 H7F A% F Dunn Index:= 49 719= EH[19], +24

7}

ofell A A 3HE HIFek= xR A EolvH16]. Dunn

[e:

)

o
=
ey
il
Ay
[>
)
o
A

Indext Z2 28 Wl &3 A F AA 1 Ad Al Az d& Lo &3
A= 7 MA ke HA A AeolE WERE JERH, A16)7 2l o] W,
A e Wl A 2Fe Euclidean A#lE YEH, §(c.c)E A2 O

ol 23k A 7He] Euclidean 718l S veRWICH

mmé(C,,Cj)

mazx A,

(16)

K=

e F3 We AA % AT Mg AR g2 - &3 A ke A

7 A%l 79, Dunn Index+™ & @S WERIL o] SH2HHo 2 o]Fojht

K

H7}ec}h, o]9F W E Dunn Index’} 2He A9 2o 7 W9 A 7+ A

Fut e wgel AA e ALt o Fonz Fearge] T o] FolA A
G BT, F, 5 ol fA 549 TR ogdn wua.
gepy 2 =RoAE olEe] 48 Wrletr] Astel, 28 A A o

o]HHE YEM 2 Dunn IndexE AF&3le] 9 dlolg Mzt A ool Al 7hol

A =

Q% dolE A3 4 dlolE e S0 §AREThR WEET Dunn Index7t 2
A%, Q8 wlolH AT G4 wlolHAe] S4e] Aolste] FelxE o] s,
T E4o] tEi A Ui gebd Fdol £ §4 dolEAe AR b

olH A} FAFe 5A& Aok 319, Dunn Index+ 22 #S 7HXIth
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53. A% A%

Dunn Index9} dEo] F&2Hg H7 g2 AFd AF57F Aoh[17] A5
A A= T & W A= AR e & 3 FAMEE Hlask, 4
(A7 2ok o W, «(i)= o W BE delyete] Ad "= onsiH, b(i)
= U2 =9 delyete A HEs v
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&3 A5, 1o 7k @S 7HAH

=
oo ze 23 Wel AA e At

#7 vlolE E4ol WEd A%, 1o e &S AN A= de 24 e
FARE AR e 27 WelA fAET "olHE A4S 16 e ge
A, Az e 21 % A Age e E4 wel AA 1k A g} e

sk 4 00l 7H7he #S 7HRTh Ao HAd HEFHS &85t Dunn Index$}
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& &g M webd QR dolE AN FAE Fde @A oA A%

AT A7) 7F 09 7W7he S 7RI
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6.1. LSTM
LSTM(Long Short Term Memory)2 =3+ Al we] 7]&7] AAd wE %7

o4 HAE didstr] As ke daugser, v [ 819 2o

Cell states &-&3ste] A AJH oA d=Ed HRE dEsta, Al 719 Aol

i

E (Forget gate, Input gate, Output gate)ES %3] Ho¥H 7[E5AE 53 g5
A&ttt Forget gatedl A+ #A dolH e FoEE dAdste] 7texE Fo3
t}. Input gateol = A Al 4H AR Al o] A2 hidden state Hl©]H

2 Aurp} dkde Aex AAZYE Output gate: hidden state® dAEsk ujf 9

Forget gate®] 74, 21(18)% o] n,_ 7 z,9 ol HAs 7tsA& HFofs}
o] Cell state o] st} Fougt dojee] A9 1, 22X &2 A5 09 7}

s

o
=

HFAE Fol

Mo

ft:J(VI/;z*[ht,l,xt]+bfr) (18)

Input gatel = ¢ CE Ea cell stateE Pulo]Este] A =& Cell state

cE sk 21(19), (20), 213 2o
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iy = o(Wi*[h, 2] +b,;)

C=tanh(W,[h,_ |,x,]+b,.)
G :ft*qfl—*—it*gyt

i

Output GatedlME ¢ o 48 24

Ol

0, :a(m*[ht,l,xt]—i—bo)
h, = o,*tanh(C,)

HH, 2(22), (23)3 24

(19)
(20)
(21)

(22)
(23)

SOH #4<& 9?1 A& LSTME doloj= [2d 913} 22w Input layerst

LSTM layer, Dropout, Dense layer® -4 ¥ t}.

h ¢ Istm 1 input | input: | [(None, 3, 251)]
InputLayer | output: | [(None, 3, 251)]
A
C ‘
A >t Istm 1 | input: | (None, 3, 251)
r;';ﬂ LSTM | output: | (None, 251)
dropout 2 | input: | (None, 251)
> Dropout | output: | (None, 251)
A
dense 2 | input: | (None, 251)
Dense | output: | (None, 1)

[29] 8] LSTM +*

_‘|8_

[21" 9] LSTM dlo]o]




6.2. GRU

GRU(Gated Recurrent Unit)& LSTMS FAs}starzl Alotd darg]Fold),
LSTM®] Cell state?} hidden stateE &3 3stil, Forget gate®} Input gateE &%
3o [ 10]9F 2& % E 7FAth GRUE Update gate®t Reset gate® 7Fet

o

T2 A5, LSTMel ulste] datake] e zlo] E4olt}.

-1 o

Reset gateol A+ o] A A]H 2] hidden state h,_, ¢} @A H] A& 2,9 7l5A

0

g 2%

[

t, 24(24), (253 Zt.

ry = o (W, [hy_ ] +0,) (24)
2y :U(VVz[ht—laxt]+bz) (25)

Update gate= AL} A AHHe wb

o
)
o
o
e}
(2
_O‘E
2
N
ofy
N
Ll
4z
&
_O‘L
£

21(26), (27)% #Zt.

f;t =tanh(W,[r*h,_,,x,]+0,) (26)
h, =zt*ht,1+(1—zt)*l;t (27)

SOH #4345 93 AFE3 GRU +A42 [29 1119 2o Input layer?t GRU

layer, Dropout, Dense layer=® -/ ¥ t}.
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h ¢ gru_input input: | [(None, 3, 251)]

InputLayer | output: | [(None, 3, 251)]

y

f o L gru | input: | (None, 3, 251)
I % % g GRU | output: | (None, 251)
FoifoT P v
A ‘--I-‘ dropout 1 | input: | (None, 251)
Dropout | output: | (None, 251)
y
Y
dense 1 | input: | (None, 251)
xt Dense | output: (None, 1)
[72%] 10] GRU +% [71¥ 111 GRU &lo] ]
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SOH +74 Agx=E %7ist7] 913 Ax =2 RMSEE AH&3k3ith. RMSE=

=
T

4 A Frke] daA Axz, AA @3 g5kl Aols A(28), (293 &

=

of UERE, T glo] He4E ox7h Aold AHEA BTk 714 9 g

-

72zt AA @ ol Zgkolw, ne HolE e +& vehin,

MSE = %i} (y;— ?;7')2 (28)

i=1

RMSE = /MSE= %f}(y,;*éi)? (29)
i=1
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1.2. Dunn Index
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[3 2] &4 el dlelelAl H7 A7
Iteration
Data Evaluation Method

10 100 1000 10000
71E Bt dasdd 04900 03900 0.1800  0.1200
A 8tA 4 BHBEE  Not used Not used  0.2203  0.0027
" HMot B7b  Dunn index 04899 03127 03030 0.2540
HEO A= 03356  0.1053 0.0308 0.0073
71E Bt dasEd 04950  0.2850 0.2550  0.1450
A 8tA 4 BHSEE  Not used Not used  0.0325  0.0291
e Xt W7t Dunn index 0.5586  0.2718 0.3533 0.2719
HZO A 0.1064 00381 0.0889  0.0089
7|E EIt stEEd 04850 04700 0.2200 0.1050
A8tA 4 BHHSEE  Not used Not used  0.0382  0.0320
e HMot B7b  Dunn index 0.7071 03223 02722 0.2639
HZO A 05836 02172 0.0199 0.0084
71E Bt dasdd 04900 0.28500 0.3200  0.1540
A7 4 BISHE  Not used Not used  0.1444  0.0414
e HMot B7b  Dunn index 09768  0.6826 0.2900 0.2938
HEO A= 06826  0.0267 0.0295 0.0156
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LSTM< ©]&3% SOH +74 A3+ [29 1719 2v. 2= AolA RMSE®] #
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2.2. GRU
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[ 3] SOH +4 Ag% F4& vl 23

RW9 RW10 RW11 RW12

model | RMSE ori ori ori ori

ori ori ori ori
+syn +syn +syn +syn

mean 0.0451 | 0.0336 | 0.0471 | 0.0442 | 0.0476 | 0.0451 | 0.0870 | 0.0772

A E 25.41% 6.17% 5.29% 11.28%

LSTM | median | 0.0451 | 0.0322 | 0.0475 | 0.0446 | 0.0474 | 0.0454 | 0.0868 | 0.0773

At E 28.71% 6.21% 4.32% 10.94%

IQR 0.0072 | 0.0035 | 0.0028 | 0.0019 | 0.0072 | 0.0032 | 0.004 | 0.0061

mean 0.0695 | 0.0602 | 0.0454 | 0.043 | 0.0547 | 0.0488 | 0.0807 | 0.0661

dAdE 13.32% 5.22% 10.68% 18.11%

GRU | median | 0.0683 | 0.0585 | 0.0449 | 0.0423 | 0.0547 | 0.0484 | 0.0792 | 0.0656

A E 14.36% 5.69% 11.53% 17.17%

IQR 0.0131 | 0.0141 | 0.0038 | 0.0041 | 0.0177 | 0.0075 | 0.0104 | 0.0077
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ABSTRACT

A Study on Generation and Evaluation of
Time-Series Data to Improve Lithium-Ion
Battery State-of-Health Estimation

SU JIN SEOL

Graduate school of Electrical, Electronic and computer
Engineering

University of Ulsan

Ulsan, Korea

With the recent tightening of regulations on fossil fuel vehicles, the XEV market,
which utilizes lithium-ion batteries as an environmentally friendly energy source, is
expanding. Ensuring the safety and reliability of batteries is essential in their use,
and therefore, estimating the State Of Health (SOH) of batteries is crucial. There
are two methods for estimating SOH: model-based and data—-driven. Among them,
the data-driven approach requires a large quantity and high—quality battery dataset.
One method to acquire datasets when actual measurements are challenging is data
augmentation algorithms. The quality evaluation of time-series datasets generated
through data augmentation algorithms mainly relies on indirect assessments, which
have limitations in producing variable results depending on the learning environment.
Therefore, this paper proposes a method to quantitatively evaluate the quality of
generated battery datasets for improving the accuracy of SOH estimation. The
proposed evaluation method utilizes the rate of change in the correlation coefficient

of linear regression, as well as clustering metrics such as the Dunn Index and the
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silhouette coefficient. Furthermore, using the proposed evaluation method, the paper
compares the accuracy of SOH estimation between LSTM and GRU models by

leveraging a large quantity of high—quality datasets with ensured reliability.

Key Words : Lithium-ion battery, GAN(Generative Adversarial Networks),
TimeGAN(Time-series Generative Adversarial Networks), dataset, synthetic data,
linear regression, Dunn Index, silhouette coefficient SOH estimation, deep learning,
RNN(Recurrent Neural Network), LSTM(Long Short Term Memory), GRU(Gate

Recurrent Unit)
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