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Abstract : Electric vehicles(EVs) are being commercialized as practical alternatives to the Zero emission vehicle.
Lithium-ion batteries(LIBs), the main source of energy for EVs, are one of the components that affect the economy and the
safety of EVs due to LIB’s high energy density and long lifespan. However, LIBs can be problematic in terms of fading
capacity and reduced life due to prolonged charging/discharging. Therefore, accurate remaining-useful-life(RUL) prediction
is essential. In this paper, the discharge capacity of the lithium-polymer battery pack and the nickel manganese cobalt(NMC)
battery were extracted through current signals. By using discrete wavelet transform(DWT), it is possible to induce capacity
regeneration, such as the noise of the NMC battery, by compression and decomposition. To provide accurate batteries’
replacement time, RUL is implemented based on particle filter(PF). The result shows that the RUL prediction of the
decomposed signals with noise improved by about 5% compared to the raw signal data. Therefore, in this paper, it was
proposed that using decomposed signals can be an advantage in terms of data storage space and the effect of reduced RUL
time.

Key words : Electric vehicle(? 7] A2}, Lithium-ion battery(2] & ©]-= 5l €] 2]), Discrete wavelet transform(©] 4} €] o]
E-2l W3}, Particle filter algorithm( A & B &-312] %), Remaining-useful-life prediction(Hod =1 o]l =

Nomenclature j»k  :complex conjugate

Y(t) :denoising DWT signals

&)  :scaling function of the signal
y(t) :wavelet function of the signal

EV : electric vehicle
BMS : battery management system

NMC : nickel cobalt manganese hin) : high-pass filter

STFT : shor-time fourier transform 1.@) : low-pass filter

CWT : continuous wavelet transform A, : approximation component

DWT : discrete wavelet transform D, : detail component

PF : particle filter Xn : battery discharge capacity at time n
RUL  : remaining-useful-life Zn : measurement value at time n

PDF  : probability density function Va : measurement noise sequence

CI : confidence interval Wi : process noise sequence

“A part of this paper was presented at the KSAE 2021 Spring Conference
*Corresponding author, E-mail: whdgns0422@cnu.ac.kr

I'his is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License(http:/creativecommons.org/licenses/by-nc/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium provided the original work is properly cited.

199


https://crossmark.crossref.org/dialog/?doi=10.7467/KSAE.2022.30.3.199&domain=http://journal.ksae.org/&uri_scheme=http:&cm_version=v1.5

WY - Y - AYS - UBS - YUE - USE

1. M8
T A2t 22 2 Aol Wi vkl e

A1gt 2 7] A5 A (Electric Vehicle; EV)oll
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2| &} 2Eol] 715 W stol| tf-g-5}7] 915k 42 tiet = st
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2] H o] wE] 2l (Lithium-Ton Battery; LIB)7| Ho] A&
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F2olyA i 5o o R Qs 247k 75
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Management System; BMS)©] Z<=2] ot} 3}A| vk of -85
A7 527 S 7 ekiaA] 38 Tl A= BMS+ =
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g 521421 ALk T8 o] A etk
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and Health Management; PHM) 117} o= a1 Qlch?
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2. HEjZ] 71y 54 Mg
2 =ioll A ARS-gE v Bl = Bl el el S A&
AZ7ENCM AL <] aiEl 2] & ARE-aki . 2l E2iw vl
Ha 22 456719 o] A-d = 54 ¥ 22 Ah F o1,
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g]o]th Table 1 ¥ =0l A ARS8 vijE] 2] o] Abegol
o} wE 2] 85 fhael Ulg 2% 29 Y-S =0l
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Oim

N

=4
H b 8898 531921, 330 cycle F-toll A 85
F2 0] 7+~3}= Knee pointS 2135153 tH!9 NMC Y
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Table 1 Lithium-polymer and NCM battery’s specifications

Item Li-polymer NCM

Nominal discharge capacity 22 Ah 33 Ah

Nominal voltage 222V 6S1P 3.6V

Standard charge current 44 A 6.6 A
Discharge cut-off voltage 18V 3V

Table 2 Lithium-polymer battery’s discharge condition

Step Time (s) Cumulative time (s) C-rate
1 0 0 0.2
2 10 10 4
3 10 20 32
4 130 150 32
5 150 300 2.8
6 60 360 0
7 60 420 3.6
8 60 480 3
9 30 510 2.5
10 30 540 3
11 60 600 2.5
12 90 690
13 10 700 0

26

Voltage (V)
N [N d
~ -

N
=3

18 -
0

S8t 2/50|2 HiE2| 20 &3 o

140
=—Voltage
=—Current| 5(

Mw

100
2000 4000 6000 8000 10000 12000
Time (s)

Current (A)

(a) Lithium-polymer battery (373 cycle)

4.4

4.2

Voltage (V)
w w w w
N R O X o

w
<

14
==Voltage
==Current|

2

=]
Current (A)

0.5 1 15 2
Time (s) x10*

(b) NCM battery (1,467 cycle)

Fig. 1 Cycle life test profile for battery degradation
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Fig. 5 Scheme of particle filter algorithm implementation

Table 3 Particle filter algorithm

Initialization
Step 1: Set number of particles
N
{x" }iteratiun=1
Step 2: Set weight
c"=1/N
Step 3: Change in a probabilistic form
x, = f(x,) o plx,[x,)
z, =h(x,) & p(z,[x,)
Prediction
Step 4: Obtain prior PDF via Chapman-Kolmogorov equation
p(xn ‘ Zl:nfl) = Ip(xn | xnfl)p(xnfl ‘ anl n-1
Update

Step 5: Update prior PDF via Bayesian’s rulewith measurement

Zn

)= p(z,|x)p(x,12,,)
p(z,|z,.)
Step 6: Normalize constant
p(zn | Zl:n—l) = J‘p(zn | xn)p(xn | Zl:n—l)dxn
Resampling

p(xn|zln

Step 7: Computed based on random particle samples and
weights

N
p(xO:n ‘ Zl:n) ~ chg(xO:n - x(l):n)

i=1

Step 8: The Monte Carlo assumption: Normalize weights

Zc,’;zl
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Fig. 7 RUL prediction result of NMC battery based on DWT

Table 4 Accuracy of RUL prediction with lithium-polymer
battery pack’s data based on DWT

Ttem Raw data Level 2 Level 3
—_
ramn 100 | 50 | 100 | 50 | 20 | 10
(cycle)
EOL

412 | 337 | 424 | 428 | 420 | 420
(cycle)
A
CuraY 1 905 | 904 | 88 | 867 | 88 | 88
(%)

Table 5 Accuracy of RUL prediction with NCM battery’s

data based on DWT
Item Raw data Level 2 Level 3
Train
100 30 100 30 100 30
(cycle)
EOL
788 716 836 798 836 800
(cycle)
Al
Ay | 985 | 713 | 833 | 795 | 833 | 797
(%)
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