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A Study on the Impedance Prediction Technique Based on Generative
Adversarial Network for SOH Estimation

Dongho Han”®, Haksoon Kim®, Miyeoung Lee®, Jonghoon Kim"
Energy Storage Conversion Lab.,Chungnam National University”

ABSTRACT

oA A A= 9} EV(Eelectric Vehicle) 5 7% ¥ Yo
2 2§ ol wiE st FELASHA AFS-Hol ek wiEele] A
7188k |7 JEE J—‘/]Eia o Ade Aol g g8
ol YT ) B =i A7]shE dud s £33
(Electrochemical Im dance Spectroscopy, EIS)S A48k
W EV/E =29 F e 9 34 F 123 A5AES 1
Hak  dlojHE 33 }ME} o5 RH=M  Generative
Adversarial Network& i#3tH, +8€ EISE 29 ¢
Oi Ag3st7] 8 oA HE= JtEstdt oSE A
% EVY Cooling system, &7 WA 22X Abd HA 5
*}ﬁx}oﬂﬂ] et £FAS ATE 4 Jey, dA FHs
7l Cloud serverdl Al =1 U&= ] o8] A3 o] A
H3Aed 484 F Ak

o E‘:E

d

FFU

1. MB

el vre A7lses U w3
& ol é"é 71%3& e A7k AAHT. EISE

2 W F4 2 wde] A%gel mhe ek A
9 wg, B 5 R B Al A9 Bl 7
SRR AR AC AfFE Dk o 25

WK A3, Pl et e

I
oy O
>

fo 4 rlr ok
o 5=
& fo
A
[ 1o >
57 ﬁ
X
‘é
Ze
2o
9
O
fr
L
e
m‘l
4>
%o
u)
=
vi)

=)
=

U orlo T off fob o o

W

L L
o, 0 T g

A& *35—% 15 J}
FHoNA = HFolA “L@OFL AFg A7) o
g = glom, 0] Charge transfer Ao 2
Ao R w2 SOk oA = gt
Warburg impedance & =&73%Hc}
gt AfAIEE 48 7HE3 Randles 32 292 EIS
FAA w7 WeE EEste o gl AREET 22y )
Elg] 54 wet et Faa WelelA o2 EIS 3o
EEEYT ggde W7 gty ) We FAS fsiAe
= ] Z23}t}h Randles 299l s}
U HE AHEete] A% E @ a1 A HAE oY
A W vl 2 {7 ST 5 9l

ey
>ji£
5T
Hﬂ%rlr_{};:
W

L'-D of
>~
e

\

4
r

el b oo ofN i
5
O
0

o4 ox 12
oo
oo o
o X

)

p
o
= %

rlr

Yok wheb oA AFE Al e Fo euE e wg)
s elof] F=Eaoksi, HHEMJ“ Qo] thofst el whek W
stebi= Nyquist plotg cISgo=24 wigge] o] 4 ApA
A, AZg Al AP A Sl J83 4 Utk

lﬂ Lot ér: of

2. EIS measurement
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Fig. 1 cycle test profile for EIS measurement
according to SOC range
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Table 1 Number of cell samples in aging test for EIS
measurement

High temperature Vibration

Cell 1 165 Cell 1 230
Cell 2 240 Cell 2 178
Cell 3 209 Cell 3 177
Cell 4 163 Cell 4 252
Cell 5 226 Cell 5 271
Cell 6 290

Cell 7 102

Cell 8 151
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2.1.1 Generative Adversarial Network
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O3 2 GAN 22 7=
Fig. 2 Architecture of GAN model
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Fig. 3 Prediction results of EIS image based on GAN mdoel
(a) Original EIS image according to fresh SOC 100% on high
temperature (b) Prediction image from GAN (c) Original EIS
image according to aging SOC 100% on high temperature (d)
Prediction image from GAN
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[1] Furat, O, Finegan, DP, Yang, Z et al. Super-resolving

microscopy images of Li-ion electrodes for fine—feature
quantification using generative adversarial networks.
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