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Constructing a health indicator for vehicles is becoming important for enhancing reliability and stability of
operation systems. Typically, health indicator construction relies on supervised learning using each device’s

end-of-life data. However, obtaining complete lifecycle

data for automotive vehicles is challenging because of

their long operational lifespans. This study proposes an unsupervised learning approach using a long-short term
memory-based variational autoencoder (LSTM-VAE) to construct health indicators for vehicles using only
early-life driving data. The VAE model learns the distribution of input data through reconstruction, allowing the
detection of changes in data distribution due to aging by monitoring reconstruction errors. However, because
VAE models may struggle to capture subtle data variations, this study integrates the concept of cumulative sum
(CUSUM) control chart, which effectively detects minor changes of data distribution over time. Experimental
results show that the CUSUM-based health indicator outperform the reconstruction error-based indicator in both
quantitative and qualitative assessments. Notably, the health indicator demonstrates a clear response to specific
component repairs or replacements, validating the practical effectiveness of the proposed approach in real-world
vehicle operations. By enabling early detection of potential failures, this comprehensive vehicle health indicator
can help reduce unexpected downtime and maintenance costs, ultimately improving the reliability and safety of
automotive vehicles. This study is the first to develop a comprehensive vehicle health indicator using early-life
data, verified with actual vehicle data, highlighting the practical applicability of PHM technology in the

automotive industry.
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Figure 3. The Distribution of Average Reconstruction Loss for Different Hyperparameters(Learning Rate, Batch Size, Embedding Size,

Hidden Size)



134 Jihyun Yun - Changwook Chu -

(Koshti 2011; Lucas, 1985; Page, 1954)9l A 2] A}
2, 0 22 Bt ol aHF 0w AAY
Zqﬂ Frolth. —Ol FAYG B =N g A
o] WA & A| A EE o] 2 78774 A 8FH =
Hat MY B A Zol(average run length, ARL)
H Aot A NAEE goleH 83 o= ot
ALEET kA B AN R ol g T]Ee whet
;ﬁl% dto Rd o] =335} ghA] A5 H A st
28]l A= ap 7| AR ARG FAY 7N A
& ATz vwsty] el ARA Ax H7to|
d 2] ALE-5 & robustness, trendability, monotonicity S A}-8-3}
% TH(Bajarunas et al., 2024; Cheng et al., 2023; de Pater and
Mitici, 2023; Hu et al., 2020; Qin ef al., 2021). Zt B/AA = K
Mol 7tE Rt mE BER A2"e AR ARE
HI=A{HI(i)},c,. ot A oS uf, ofefj o} o] A4ttt
Robustness= 12743 A&7} B A4 tir] drput Axp7b
A H7kete A ko|th o) = YR &7 28l ¥ o]z ¢
AR AR A0E s e, b 4 02 Fodn

Zex ( ‘HI( Hl(fﬂ( 2

o i oSt

N e

Y
lo
o o,

d N
mZ: 10

-©
%

w2 e f4L rlo 4y oo ¢
Wb

km o b N op x

z

B4 A

Rob(H, ) ®)

714 mi)E i8R E TN o5 AEgke ov
B} B, 94 A5 B4 el gk WA bE T3 Ad
H AR [) 7 5 AR o5 W mrli) oA Loht
o} QLA E ekt mri) 9} mi) e Aol7k 245 A
B4 AT} 2A 9 ol Boj7 ke AT rjolw, o
£ 2% 4

HI(i)* ] 7ol

g
o g
e 0o AR HEG. w2 m) %
7 AT, 84 AR AR} ol E BET %
AR g AT S0l 2 S8 U} 98¢ ek
o} o) ), A5 4l gL 10 77H9 AT,
75

Trendability= 7He 359t 44 A& 2t 9joj& A+

Jongkook Heo -

Saerin Lim - Hyeon bin Jeong - Seoung Bum Kim

(Pearson correlation coefficient)ol] ATk 3 FE|=E Eq. 9
S Zol Ate .

K(ZE <)> (B 1)) (ZE i) |
JEEE 116 — (S H0)PKEE (S i) |

Tre(HI) =

UrE]'lHU%
ARA 1]337]-7%‘?1‘ .

Monotonicity= A A&7} 7} g wel &
S7F & sk, Wy Qo] AsA] gofof 3
E4& G A X2 Eq. 103} Zo] JoEn),

Mon (HI) = —\Zﬁ‘ JCHIG+1) > HIG))  (10)

SE_I(HIG+1) < HIG)))|

o714 I « )= &4 (indicator function)Z 23 ¢F
ot9 1, TSk oW 05 whekaih w}a}/\i,
i+1HA 7S T AL ARAA AT} i AA
ARG AR7E S74E A5 e, F WA 32 144
A&7} o] A HEG A 34E YERHT &, monotonicity
7F w0 A2 A4 A A3 wgko 2 WS 9
nlete, ghol 22 = AR ARYE Yt
Wk 9 Al 7HA 9714 12bo] 9] ko 2 yeh
W, 2 A% gho] J

A
o = F3E B LIS

= [1.110
=]
=

ol -

>§:
= r}L
(o

03“_, AN rlo Jpy

OOI zl
™)
L
iy

(

N
-
_.mg

oXx
o
o

2

e l"j

Of
=)

dre BN

4 W

ofl n
)
>

§ A L7} 71A Al 2=H

lo
=)
o
i)

4.2 A1 25 284

.

B AA 7]

<Table 2>= A|2HHEZ A4k A F5 034 7|8 AHA
AZ} FAG 7 AR Azl o3 FFH HILE e
ok AA, A 7S oA 7H AAA A Ee BE A 2" O

Table 2. Comparison Results of HIs for Three Evaluation Metrics of Tire, Braking, Steering, and Acceleration Systems. The

Experiments Were Repeated Five Times with Different Seeds

System Tire System Braking System
Metric Robustness Trendability Monotonicity Robustness Trendability Monotonicity
Reconstruction Error 0.784 0.200 0.047 0.515 0.014 0.048
£0.026 +0.006 £0.008 +0.048 +0.003 £0.003
CUSUM of 0.979 0.954 0.228 0.996 0.964 0.112
Reconstruction Error £0.001 +0.001 £0.013 +0.003 £0.065 +0.033
System Steering System Acceleration System
Metric Robustness Trendability Monotonicity Robustness Trendability Monotonicity
Reconstruction Error 0.631 0.040 0.002 0.589 0.098 0.008
£0.008 +0.018 £0.000 +0.025 +0.007 +0.009
CUSUM of 0.997 0.991 0.070 0.999 0.990 0.153
Reconstruction Error +0.004 +0.009 £0.020 +0.000 £0.000 +£0.002
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Figure 4. Visualization of the Tire System HI with Maintenance Events. x- and y-axes Represent an Operational Time Index, Odometer

and a Health Indicator
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Table 3. Comparison Results of HIs for Three Evaluation Metrics for Various Backbone Models of Tire, Braking, Steering, and

Acceleration Systems. The Experiments were Repeated Five Times with Different Seeds
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System Tire System Braking System
Metric Backbone Robustness Trendability | Monotonicity Robustness Trendability | Monotonicity
LSTM 0.784 0.200 0.047 0.515 0.014 0.048
+0.026 £0.006 +0.008 +£0.048 £0.003 +0.003
Reconstruction IDCNN 0.787 0.188 0.014 0.702 0.028 0.014
Error +0.001 +0.001 +0.006 +0.008 +0.005 +0.005
Transformer 0.642 0.194 0.027 0.554 0.029 0.009
+0.024 +0.022 +0.007 +0.010 £0.003 +0.004
LSTM 0.979 0.954 0.228 0.996 0.964 0.112
+0.001 +0.001 +0.013 +0.003 £0.065 +0.033
R(e:c[f)igtxct(i)in IDCNN 0.981 0.954 0.249 0.998 0.998 0.074
Error +0.001 +0.001 £0.009 £0.000 £0.000 +0.010
Transformer 0.983 0.936 0.279 0.998 0.997 0.070
+0.007 +0.006 +0.083 +0.000 +0.000 +0.013
System Steering System Acceleration System
Metric Backbone Robustness Trendability | Monotonicity Robustness Trendability | Monotonicity
LSTM 0.631 0.040 0.002 0.589 0.098 0.008
+0.008 +0.018 £0.000 +0.025 £0.007 +0.009
Reconstruction IDCNN 0.716 0.049 0.002 0.706 0.190 0.005
Error +0.000 +0.001 +0.002 +0.015 +0.066 +0.001
Transformer 0.619 0.045 0.001 0.615 0.093 0.005
+0.002 +0.003 +0.001 +0.032 +0.054 +0.005
LSTM 0.997 0.991 0.070 0.999 0.990 0.153
+0.004 +0.009 £0.020 +0.000 £0.000 +0.002
R(e:c[f)igtxct(i)in IDCNN 0.999 0.995 0.057 0.999 0.967 0.166
Error +0.003 £0.000 £0.001 £0.000 £0.015 +0.040
Transformer 0.999 0.998 0.063 0.998 0.980 0.116
+0.000 +0.000 +0.001 +0.001 +0.011 +0.056
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Table 4. Comparison Results of HIs for Three Evaluation Metrics for Various Reconstruction Error based Algorithms of Tire, Braking,

Steering, and Acceleration Systems. The Experiments were

Repeated Five Times with Different Seeds

System Tire System Braking System
Metric Model Robustness Trendability | Monotonicity | Robustness Trendability | Monotonicity

0.784 0.200 0.047 0.515 0.014 0.048
LSTM-VAE £0.026 +0.006 +£0.008 £0.048 £0.003 +0.003
. 0914 0.197 0.027 0.884 0.115 0.049
Reconstruction Error)  USAD +0.000 +0.000 +0.001 +0.000 +0.001 £0.001
Anomaly 0.766 0.170 0.016 0.851 0.186 0.029
Transformer +0.015 +0.024 +0.008 +0.015 +0.034 +0.018
0.979 0.954 0.228 0.996 0.964 0.112
LSTM-VAE £0.001 +£0.001 £0.013 £0.003 £0.065 £0.033
CUSUM of USAD 0.979 0.939 0.311 0.962 0.820 0.010
Reconstruction Error +0.000 +0.000 +0.000 +0.000 +0.001 +0.000
Anomaly 0.991 0.964 0.396 0.990 0.945 0.265
Transformer +0.004 +0.011 +0.136 +0.004 +0.008 +0.113

System Steering System Acceleration System

Metric Backbone Robustness Trendability | Monotonicity | Robustness Trendability | Monotonicity

0.631 0.040 0.002 0.589 0.098 0.008
LSTM-VAE £0.008 £0.018 £0.000 £0.025 £0.007 £0.009
. 0.922 0.144 0.036 0.890 0.006 0.033
Reconstruction Error| - USAD +0.000 £0.001 +0.003 +0.000 +0.000 +0.000
Anomaly 0.612 0.122 0.007 0.559 0.172 0.010
Transformer +0.088 +0.162 +0.009 +0.019 +0.021 +0.003
0.997 0.991 0.070 0.999 0.990 0.153
LSTM-VAE £0.004 £0.009 £0.020 +£0.000 £0.000 £0.002
CUSUM of USAD 0.987 0.093 0.077 0.997 0.990 0.157
Reconstruction Error +0.000 +0.008 +0.001 +0.000 +0.014 +0.000
Anomaly 0.997 0.982 0.120 0.999 0.953 0.108
Transformer +0.005 +0.031 +0.088 +0.001 +0.020 +0.055
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