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Abstract

The service reliability of the electric vehicle motor has been a consumer’s concerned topic. The
service reliability of the electric vehicle motor data analysis are used the combination of ordinary
least square and mathematical expectation empirical distribution function fitting method to esti-
mate the parameters. At the same time, the neural network model and the mathematical expecta-
tion empirical distribution function are used to fit the estimation parameters, and the two me-
thods are compared. The parameter estimation method usually used is affected by subjective fac-
tors. The benchmark of the reliability model is the empirical distribution function, and its preci-
sion affects the precision of the reliability model. In this paper, 18 electric vehicle motors with the
same configuration are selected, and the failure data are collected in the same environment. The
results show that the method of estimating parameters by neural network and empirical distribu-
tion function is more accurate and practical.

Keywords

Reliability, Empirical Function, Neural Network, Ordinary Least Square

MR A R TS R AT A TN P R R F

EX 2L

KHFETIRY:, #Hk K&
Email: 287800467 @qgg.com

Wk H . 20174F10H28H; FAHHM: 20174F11H10H; KA H Y. 20174E11H 16H
B E
MR EHENERSEG —EREINREEFHE R OIEE . A 43 B3RS BAE A FaEEE#1T 5

SCEF|H: ERAE. ARSI AL B ST SEtaE S R, 2017, 6(5): 501-507.
DOI: 10.12677/5a.2017.65056


http://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2017.65056
https://doi.org/10.12677/sa.2017.65056
http://www.hanspub.org

FRAH

Hr, SR TERRE RN SRIEMBEHELR S RBUSATHSEI T E. FER e &R T
FEMELR A MRBUSETHSHI T, FRNRHTEET R, BRERNSE AT TEZER
HRKRW, HeFaRilNEERSR N mRE, RERRIS R ISR, A0 A FEE
BB K186 BBNKE RN, 7E FAFHIERE TR SIREE, NIELHETF R TR T . 7 H SRR,
PP &AL AR MBI Al T S E T AR R R A R R 5 TR .

XK ia
WM, SRRE, HEN, Bk

Copyright © 2017 by author and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 5|

Xt BT R ALEAT 73 fim AT SEVE 04T, AR B0 2 HORS P A o B T SRR DR OC B o SRAE T B 1 i)
R AR AT AR MR R M G r S A . K CRSE R e /N AR B T o Ay — e A 3S FR K
AR Weibull BRI FiA F R 4 LA fir ) R H T O 2 T LR 9 By e 2 i
Bidk, HEAFMABE. mafEt 2 maliid RGP I T SEIE AL 3 ZGRIP I B R, PR TT
2K M Markov #ER . GO VESE HA PP A 7532 o I I (el 132 SCHRR[ATANSCIR[2] 1 821, H AT 7 il i a] 524k
PG ZEDRY BB R R B SR A A R AL B N TR 3R 58 A P e Rt Feadt AT 0 M [4] [2] STHR[3]
T ATSENE TRE ISR, 0 RS LI AT SRR A € R A [3]. FE T FEMERT T, ek
ABRAR AT FEARAR T IR WA BRARZS T AR A S P A AR AE VT B0, DRI SR RIS PRI FE N SR AR 22 G B A
PRIX KRBT EENE AT A T73%, B SCHR[A1ANSCHR[S] 32 SR 22 M 2% 73k . Kriging J7i%55[4] [5]. AT
FECL B FUR A b, S5a e TRt | B S 200 R H0nS LSRG FELASE AR AT 2R I AT

2. MIRA%E
2.1. RN FE

/N AR (OLS) & — P E AR A AR, T I f5e /M 15 22 1T 5 AN 34K B0 1) A £ R BT o S8 R
FH B /)y 3 ] A FAT A5 1t SR A A J 00 5000, A5 73 Y0000 P 500 5 5 o 0 U B0 -2 10 352 22 191 5 Ry B/
/N el AR AT LS F 3 2R 30 A R LAt — el fh 1) 8, SR A/ B R B RO AR B RSk R I

FEXT T SEPEAOHE AL B 5 A M i, TR AR R — L4 ML BdE , RSk T n AW SR
(% ¥1)s (%0, ¥a ) (X, Y, ) » SRR & x SHMRRAE R y RBOCR, (HRERMERBIE T Rk,
HFRIER y = f(x), XEP IR AU, R B/ el 2l & E Mg — Mgt X+
SETT X n AR X AT PAR E R 2R A, R AE AR 513 bR BUR T RE A M A SR B 2R . B
B L BN ek TR A [ VA AR 8% A T MR A 5 2 5 R B B

B 72 A

Q==Y (Y, -V) =XV -4 -5x.) ()
K15 B AN B, 145 Q ikFIRN, X Q RKIRSHL,

DOI: 10.12677/5a.2017.65056 502 gt 5N


https://doi.org/10.12677/sa.2017.65056
http://creativecommons.org/licenses/by/4.0/

ERIA

ﬁ:_ZZ(Yt _ﬁl_ﬁZXt) =0

égi&QZXJY—ﬁ—ﬁx):O @
B, vome
X 77 R AT SR A«
@ZHZXM—ZKZ¥
Y X = (XX 3)
B =Y -B,X
aIvts AL ACIVEE YRy E o F
Yo =B+ B X, 4)

R ERR, G HEAMNAL T FEAZER O AL B RS EE . B/ IR R 2 DL “BR 2T Rl /N
e BN B . HE/ b IRykBr TS s, AR TR A R R A% ZE T
FIEB BN “IE” IR, SRS RERIEE S G —/MEAR S, ZHALE R, (H2ERThH
M CEIET T RRIRIEL, XFOTIER SRR, e SO TR AR S AR AR ] P AR AL
BERR.

2.2. HEMEEE

NTHEM L, MHCAERERY, e — PR N RSN ) R 0+ 28 5 s Bz 1) &5 A AL AU b 2R 47 7 A
TG BB AR AR F 2R T H BB TRTRR A 48 I 4% B e X 4% o 3K b I 2844 5 R 48 AR
M, RN R E T S A EER R, WA RILEE B E K, wiE 1R,

FRZE 2 T K R EU S, ARYE RN, R — N 22 15 B (0 10 22 ) 2% 40 e 08 00 5 A e B
ASCEIT MATLAB #1258 W 28 T ELAF R it v R 2040 &5 1r) 5L

3. HBKIR
A HAE VR T TR B L R s TR), SRR E 18 ANESIVRZEBAL, A EH TR, EE 1 R,
HRAE B 30 V5 20 ML s i TR BV e R BT A B R B, WO EE i A o B, iniX
2 Fivs.

NZ = =

Figure 1. The schematic diagram of neural network
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Table 1. The motor failure time data of electric vehicles
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Figure 2. Histogram and kernel density function diagram of motor vehicle fault data
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Table 2. Experience reliability function of electric vehicle motor
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Figure 3. Least square fitting graph
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Figure 4. Neural network input and output diagram of electric vehicle
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Figure 5. Automatic generation of network Simulink model
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Figure 6. Internal structure of neural network module by function fitting
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Figure 7. The relation between the gradient and the mean variance
of the training data
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Figure 8. Regression diagram
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