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Abstract: The Bayes Bootstrap method is widely used in the field of small sample prediction. However, due to the random value points
that are not conducive to the prediction accuracy in the randomly generated self-service sample, the prediction deviation is large. In view
of this deficiency, this paper proposes the Bayes Bootstrap & k-means method. In the case of having small sample failure data, use the
Bayes Bootstrap method to generate self-service samples to expand the capacity of the original life data firstly, and then use the k-means
method to perform data clustering analysis to remove outliers as much as possible and filter out more data points that meet the forecasting
rules. Finally, the multi-chip module interconnection structure double stress accelerated life prediction is used as an example to verify
the calculation method. Compared with the Bayes Bootstrap method, the prediction accuracy is improved by about 81.44% , which has
certain engineering significance.
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Fig. 1 k-means algorithm general steps
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Fig.2 Lognormal distribution

2) N4 Bootstrap&k-means 772 Ak PR AY 75 50

HIZ0(5) ~ (8) FH L AFIE AR A BRI EL Ine, 55 HL T 1Y
XTEL InS R BEAEIEL 1/ T 3 i ARG R

B 1 ABEE A D 5 B0 £, 38 MATLAB %X
EX(5) L (6) 19 n Fl E, #E47 e/ 3 i AU A A
G E AT SR

" 1.048

Ea = ( ) 9Ea = 0 52

Zol 7 \12.750 6

kT
M S, =4x10°A/em” , T=473 K i, 4 ;
Int,, = = 1.048 1n400 000 + 14 + 12.750 6 = 13.2322
AFT = expl o 1y

= ex — \— - =
P T

op str

0.52 1 1
6Xp[0. 8617 x10~ 423 473
S 0.4

sap) =G

3 S=1x10° A/em?®, T=423 K [ S FREE T A4 HE
FEATA -

ty =t ~AFT - AFS =
155.013 3 h x 4.518 x 4.275 =~ 0.342 years

3) & Bootstrap J7 72 A 31 75 iy U

P s i 4 A A MO ESCE 25 43 A7, PRI ORT 4
JE BRI AT A IE S0, W 3 1 4500 1 4R Hdl i
HAER A7 2253 AT s Ak T T

Xt 3 BhEL 1@ B, T2 o, i = 1,23
A X B0E 25 A R, 3 Bayes Bootstrap 5 7543 3l
1E 3 SLIES R FBEHLAE B 500 ANEC R 6il4 7o /IVRE 4 25
i, 3R 75 24 /Y ] Bayes Bootstrap 77 3% 4 {8 43 B N
154. 670 2..101. 961 1 F169. 376 3 RIS E, Fl n (A
THE SR .

" 1.148 3
E :( ),EG:O.5729

Y] =4.518

AFS = (

) O = 4,275

. 14. 056 7




- 30 - LSRR R e o

5 34

M S, =4x10°A/em®, T=473 K 4
Int, = = 1.148 3In400 000 + 14 + 14.056 7 = 13.244 5

R R N
0.529 1 1
_ 02729 L Ly 50670
Pl eer 7 x10+ 423~ 473 )

Sm n 0 4 1.148 3
S ) =(071)
op *

B S=1x10°A/em?®, T=423 K I J1FREE T M RHF

AFS =( =4.9130

#

e

ts =t,, *AFT + AFS =
154.670 2 x 5.267 0 x 4.913 0 = 0. 456 9years

4) 4 Bootstrap & k-means J5 AL PR A A5 Ay T

FIIH Bootstrap 77k BEHLAE L B BIFEAR A ZH AT
DM, — S 50 i) a5 T4 v TR0 B2, iy LA ) B
X FEE B ECHE AT AL B, A SCEE G k-means T X
FJE MR HEA T SRS A BT, O 8 s TN A T4 e S
AT RS FE RREA B | PR UG NSRBI 5 M FEA
F1 Bootstrap J7¥:45 3|89 500 1~ H BhEEARZE &3 —E B
T T A 505 ASFEAS Y ] K 505 M AEASACAE
k-means Bk BEATEOE R0 0T, BRI B 2840 B 4 R
Wl 3 FioR (LABIEEH 156.3 67 8 h i) ¥ Hbssrh 5
15 B HEIR A R UNER 2 R,

190

[e]

180F , 5
170} ¢
160 RS 0852
RS §od
150

q

140 5"

o
[N |

130 N y)ﬂ) — ! |
0 100 200 300 400 500 600

K3 RIGICR
Fig.3  Clustering effect graph

F2 BERFER(i=1,5,=4x10° A/cm* F})
Table 2 Clustering results (i=1, S,=4x10° A/cm’)
BB FNREASEIL 129 4N, 9{H N 148. 247 8, PR LG
IIEHE 1A
RBFNHEAREIL 110 4>, ME N 162. 956 9, H LG
IR 0 4
RABBIREA KR IE 71 A4S, 916 138.969 8, Hob J5ils
I 1A
RBFIREALR 49 4, BE R 171,712 7, HAp R IR
HE R 2 A
AR BIRASOREIE 146 4, 4{H K 156. 016 8, H s LA
IR 1A

R

F T B AR A5 38 (4 K0S — P A R S e 7™ i 11 75 A
REIE , DRI AR 5 A B8 2 A A e i 30 5000 1 41, 55 A k-
means 55301 75 1 BEAS A AN ) T S50 RS B2 1 K 43 1
H ke, Bl MG TR 22

135 2 MR B S5 R T, 5F 2 2 BRI B 520 5 i
BAEEME AR 5 bR S80S DA R I 2 TR A 1 bk
B2 ARG IS 1AM 3 AEREHA 1 45 a4k
I AH IR oI5 AR RO AR 22 5K A AT IR, Rt , B
55 4 ANER 5 20 AECE AR D TN A AR A O A 1 AT
R, BN 505 AR R0 e 1 195 4, 3K 13X 195 4
BlE g ¥ (E, FELF RN F S, =6x10° A/em® fil S, =
8x10° A/em? ZR I Ve 156 201 426 41, IFsRAGHIME N
95.793 9 Fl1 70. 354 76, %, FI /N — Rk KIS E,
o B A TR0 «

n
1.190 4
E,|= JE, =0.5955
—of 7 \14.610 4
kT

248, =4x10° A/em®, T=473 K A .
Int,; = = 1.190 41n400 000 + 14 + 14.610 4 = 13.255 2

fll?]” = [ g?;i( AJ;, — AJ;,) ] —
M,
0.595 5 1 1
s (— - —)]=5.6237
f}Xp[o. 861 7 ><10*4(423 473”
Sm n 04 1.190 4
AFS =() =(— =5.208 3
(S) (0_1)

op

8 S=1x10° A/em?®, T=423 K [ J3 38 T M 41E
FFA :
ti=t, *AFT - AFS =

158.619 9 x 5.623 7 x 5.208 3 = 0. 530 4years
5) &R

x3 ERITEEE

Table 3 Results comparison table

. A Bayes Bayes B B
H> - - ayes Bootstra, -
E 234 Bootstrap %2 Bootstrap &2 g P R
ZE L & k-means A B
b3 JOBL]

n 1.2 1.05 0.13 1.15 0.04 1. 19 8x1073
E, 0.6 0.52 0.13 0.57 0.05 0.5955 7.5%x107°
t, 0.54 0.34 0.36 0.46 0.15 0.53 0.0119

XF HE3R 3 AE R BEXS INEA ORI | ]
/N TR NS /INEEAS B AR A A B 1) S B A 1
25 B K, {4 Bayes Bootstrap AbBRTIANZE k-means K2
732 P RACHIE O 22 A L R 22 A B /N 22 E R 2215 SR 8K
K, M4 Bayes Bootstrap&k-means J7 3240 B 5 55 48 25 %
LRI PN 7 12 D 2 980 ] | PRI HE KR B 4 e



IR AT ALk B 4 T S i T 7k - 31 -

%11
4 & &

A SRR X0 A /N A SR 38R HIE Y A i R 2
Bayes Bootstrap & k-means T, eRA Bayes Bootstrap
P H BREAST A A e B AT A A, R
k-means J5 2:%F H AT 08 R 28 40 B, IS T RE 2K B PR
S T8 HE BTN AE S 0 R A A A AN, DA e L
TS PRT R RO I8 AR/ IMEA R RO 251 T 1 73
AN 5 3% TR IE 7O R A R

S 25 5345 1, BLA Bayes Bootstrap J7 % B SR B
A BY3E FAPE, (H R T HF 8 B A 7 AR R R 25 1Y
Bl B X — A A, 28 k-means X472 K B 20
Jo | A AR TR TR NI 3 22 ) B B e T
TRKE BE . AS 451 H AH Eb K 28 k-means T ZSAL PR Bayes
Bootstrap J7%, VAR BRI B 2 81. 44% , THIAS
Nib—A3 5 . I Bayes Bootstrap & k-means /75 7E
XoF JEE T /N AR B4 04 73 i B0 A S B 1 bRl DA AT
),

ASCH) FETTHRAN T

1) 5T Bayes Bootstrap 4545048 R A Hr ik 42 &
TIPS B2 22 AN AL T — X INREA R O 25 T 1Y
FEA TN T3 75 | 5 0 R BOE /D A TSR
DA K 2R 52 2% (T H 7 1 o TN A3k 1 LR

2) i3t k-means J7 VA X KA H B HEAR TR A5
T, 07 39 A )T 4 v RS P AR AR R, S B B AR A
HE— 3R T RS BE, ¥R T Bayes Bootstrap J7 35 1
i FHIE L

S
(1] SR UK BRAURIA A Ay ELM IRy ]

HL I S AR, 2016,30(2) : 179-185.

JIANG Y Y, LIU ZH. ELM indirect prediction method for
the remaining life of lithium-ion battery [ J]. Journal of
Measurement and Instrumentation, 2016,
30(2) . 179-185.

SREE DTS AL VR At AR e B T R ) A A
ML), I S {41, 2018, 32(3) :60-66.
ZHANG ] X, JIA J F. Remaining useful life prediction of

lithium-ion Dbattery in electric vehicles power supply

Electronic

(2]

system [ J |]. Journal of Electronic Measurement and
Instrumentation,2018,32(3) ; 60-66.

SU S N, AKKARA F J, THAPER R. A state-of-the-art
review of fatigue life prediction models for solder joint[ J].
Journal of Electronic Packaging,2019, 141(4) . 040802.
Gt , R PR, 55, K g R 25 i LT RE 43 AT 1
IR 7 R SN J7 ik (1], i THOR 4R,

(3]

[4]

(5]

[6]

[7]

[8]

(9]

[10]

(11]

2018,33(1) :41-48.

JIN L, WANG F, YANG Q X, et al. Typical deep
learning model and training method for performance
analysis of permanent magnet synchronous motor [ J].
Transactions of China Electrotechnical Society, 2018,
33(1):41-48.

SEUCHE, TG K. i H O i A Y K (R B R 22 4 I
REEE ()] 7= 54U E% 2= i, 2018,32(10) .
87-94.

WU W J, HE Y G. Residual-modified fusion algorithm of
dissolved gas in transformer oil based on grey model[ J].
Journal of Electronic Measurement and Instrumentation,
2018,32(10) :87-94.

T, WHhE, THER *TF Bootstrap 1 ICS _
MKELM 532 i R VAR JE B0 [ ]. 7K J1 kv 24l
2020,39(3) :106-120.

WANG X L, XIE H'Y, WANG J J. Prediction of dam
deformation based on Bootstrap and [CS-MKELM
algorithms [ J ].
2020,39(3) :106-120.

WA TN, &AL R HE T i Bayesian_Bootstrap
FERBA AR TN FE[J]. FEHL 575 5,2014,36(3)
384-388.

DONG J L, WANG L X, SHENG L H. Study on

gyroscope life prediction based on improved bayesian

Journal of Hydroelectric Engineering,

bootstrap [ J ].
36(3) . 384-388.

e R EIGERE . TR B AR SR B A
SERVPAL Ok [J]. AL AL R ¥ 4k, 2017, 38 (7) :
1645-1652.

ZHANG L, YE S, WANG X L. Evaluation method for

dynamic measurement result of atmospheric pressure

Piezoelectrics & Acoustooptics, 2014,

based on grey bootstrap model [ J]. Chinese Journal of
Scientific Instrument,2017,38(7) : 1645-1652.

L, TR G WA B 45 /IR AR P BRSO 1
B ATREE AR 5 BN 7w S ()], ARHOR,
2018,42(6) :1967-1974.

ZHOU K, DING J Y, TIAN SH M, et al. Research on
assessment and prediction of electrical equipment
reliability based on small sample performance data[ ] ].
Power System Technology, 2018,42(6) :1967-1974.
TEGETE. /A TR s SRR AL BRAYITSE[ D .
JRCHR : H T RHE R, 2012,

WANG X X. Research on reliability test methods and
Chengdu
University of Electronic Science and Technology of

China,2012.
ZeapVE, W EIRHT. BT K-means BAATEMTGIE[T].

data processing in small samples [ D ].



3 R R %34 %
[ Z e, I 4 R, 2017,36(6) :9-13,21. Measurement Technology,2016,35(12) ;20-23.
LI J T, Al P, YUE ZH X. Improvement of clustering (18] Z=4¥h, WML FET k-means BIFIL MBI 1],
algorithm based on K-means [ J ]. Foreign Electronic AMH TR R ,2017,36(6) : 9-13,21.
Measurement Technology,2017,36(6) :9-13,21. LIJ T, AL P, et al. Improvement of clustering algorithm
[12] XBEH. K BEMAEEZER[T]. B4, 2020, based on k-means [ J]. Foreign Electronic Measurement
41(2) :188-192. Technology ,2017,36(6) ; 9-13,21.
DENG B Y. A survey on advanced K-means algorithm[J ]. [19] #% KRG IEEE. T UG k-means B HL 7

(13]

[14]

[15]

[16]

[17]

Computer Engineering & Software, 2020, 41 (2).
188-192.

R B TR 2 R AT SRS AT D . K
- T RHER A, 2017.

YE P L. Reliability analysis of multi-chip module based
Chengdu
Electronic Science and Technology of China,2017.
EARNE A7 BN, DC/DC AR & i 7 iy 1
TRBIFELT]. RBEHAR, 2019(6) = 136-140.

WANG CH H, LI F R, LI X G. Research on accelerated
life test technology of DC/DC
Environmental Technology,2019(6) : 136-140.

&, RIS Rk . 5T i Bayesian Bootstrap 77
HERY A RE S BOTAL ()], i TR, 2018,
26(2): 14-17,21.

LI L, YE Y H, YUAN Y SH. Product performance

parameter

on physics of failure [ D ]. University of

converter [ J ].

evaluation based on improved Bootstrap
Bayesian method [ J ].
2018,26(2) . 14-17,21.
XTI AR T R 1 K P T LA
KRBT 1], A BAE B4k, 2017,20(19) ¢
177-179.
ZHAO ZH Y, XIAO Y T, REN Y. Research on pattern
recognition of power consumption of large users based on
[ J]. China
Informationization, 2017,20(19) ;177-179.
FRUR AR ST AL k Y (E @A 02 B H FRs
k)], A IR, 2016,35(12) :20-23.
CAI'J, LI D X. Moving target detection algorithm based

Electronic Design Engineering,

clustering  algorithm Management

on k-means optimized modeling[ J]. Foreign Electronic

M2 (1], T AR, 2018, 41(12) .
44-43.

HU F, ZHU CH ZH, WANG ZH H. Research on the power
load classification based on improved K-means algorithm[]].
Electronic Measurement Technology, 2018, 41 (12).
44-43.

CHEN Y, XIE L, KANG R. Probabilistic modeling of
solder joint thermal fatigue with Bayes method[ C]. 2012

[20]

IEEE International Conference on Industrial Engineering

and Engineering Management, IEEE, 2012, 787-791.
fEEE N

£ %%, 2013 4F T ) g R~ AR AT oy
3, B A AL Tl 2 B 5 B3 A A
Uili, SRR FETT 1) R AE R R R
HoR,
E-mail : benzl0313@ 126. com

Zuo Lei received Ph. D. from Hunan
University in 2013. Now he is an associate researcher and M. Sc.
supervisor at Hefei University of Technology. His main research
interests include smart grid technology and internet of things

technology.

s

she is a M. Sc. candidate at Hefei University of Technology. Her

HINEY, 2013 4F T2 B SRR AR AR
I AR Tl KA W5 A
FEERFSE )5 10 Ry TR A I T
E-mail ;2017110363@ mail. hfut. edu. cn

Hu Xiaomin received her B. Sc. degree

from Anhui Jianzhu University in 2013, now

main research interest includes the reliability of electronic

equipment.



