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Equipment fault prediction technology within and
outside the warranty based on model integration

ZHANG Quan-xin®, NI Zi-wei*, GU Zheng-qin-qin", ZHOU Wei-wei*, TAN Yu-an"
(a. School of Computer Science, b. School of Cyberspace Science and Technology,

Beijing Institute of Technology, Beijing 100081, China)

Abstract ; The fault prediction of industrial equipment is an important subject in the field of intelligent
manufacturing, which is widely used in industrial production. Equipment fault prediction can predict
and diagnose equipment failures in advance, which is conducive to reducing equipment operation risk
and improving equipment utilization. Because the traditional prediction method is relatively simple and
the recorded data is not fully utilized, the accuracy of fault prediction is low, and there is no systemat-
ic solution for equipment fault prediction outside the warranty period. To solve the above problems,
this paper designs a fault prediction method for equipment within and outside the warranty based on
model integration. By analyzing and mining Predictive Maintenance data ( Telemetry Time Series da-
ta, Error and Failure data, Maintenance data, etc. ), constructing high dimensional equipment fea-
ture attributes, using gray correlation analysis to extract main features, and combining the support
vector machine model and the XGBoost model, a cooperative mechanism for fault prediction within
and outside the warranty is established. It realizes synergistic forecasts within and outside the warranty
between high and low failure risk equipment. The experimental results show that the prediction accu-
racy of this method is improved under the comparison of multiple prediction periods, multiple feature
spaces and multiple models.
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Fig. 1 Gray correlation analysis feature selection process
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Table 1  Attribute interval mapping

volt_bins 1 2 3 4 5 6
volt (-,120) [120,140) [140,160) [160,180) [180,200) [200, + )
rotate_bins 1 2 3 4 5 6
rotate (= ,200) [200,300) [3000,400) [400,500) [500,600) [600, + )
pressure_bins 1 2 3 4 5 6
pressure (-,60) [60,80) [80,100) [100,120) [120,140) [140, + )
vibration_bins 1 2 3 4 5 6
vibration (-,20) [20,30) [30,40) [40,50) [50,60) [60, + o)
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P S R AT OC I, TR 2 i s AT B 1 4E
PEAERPNE 1, ATENE 0, SRR AIR
SRR R, RUK B RAE AT X, label _1d |
label 1w label Im X} 7 1 7000 JE 30 X 435000 1.7 .
30 A1 31, I T B RIAFER Y 5] A E(0,20) , AR
BB AR E I 4 2 10, is_in_maint $RZE A
FEUFTBA e R PR E I N, A0 2R B o 4R I R
AR, Bl (age <10 B} ) is_in_maint Fr2EHE 1,
23 is_in_maint FRZE 0,

B BB AR 1 05 150 A e e A AH O B
i, PRI, BT S 6 A i 5t A O O R AE JR 7, 45 24
H BRI error_sum, DL K Y H &A1Y
R4 Er errorl _num | error2_num . error3_num ., errord
_num FI error5_num,, i ZAH 1) 24 LR PERRE
AITEARTE DL L3R 2

R2 REFHIEHESH

Table 2 Equipment feature building parameters

AR R RHESH EP

s X1 volt VA B /N i 2
X2 rotate WA BRI
X3 pressure V& BN D B
X4 vibration WA/ AR Sh A {E
X5 volt_bins B EES XS
X6 rotate_bins WA R XS
X7 pressure_bins WHEENES XS
X8  vibration_bins BERNES X5
X9 month A
X10 day H
X11 quarter Bl
X12 weekofyear —AE Y L
X13 dayofweek — R R A
X14 dayofyear — AR REL
X15 maint SR AT T
X16 m2m B _E VAR BP f Bf T] ]Fo
X7 2f P S 4 B ] ] o
X18 age BRI
X19 error_sum M H IR

2 H errorl PIIRGEE
MH error2 PIRESE
MH error3 KR4S E
MH errord PR R
BH errorS ()5 &
BRI RER 2
Bl 1 K5 2 e
BRI BRER 2
T 1 Je R
BRI RER 2
B AR R R
TRIRIMRS,
i B SR AR Z A

X20  errorl _num
X21 error2_num
X22  error3_num
X23  errord4_num
X24  error5_num

JuRAs R Yl label_1d

Y2 label _Iw

Y3 label_Im

M is_in_main

2.4 IRBXBESH

S FHER A H A 28 N E Ak, Hh
T 24 NRHE TR YER 4 DR E R TR R
2, AR SCATHT R A ) 2 2 T e, X 45 RE i [ R
HATE SRR, DA B 32 SRR, BRI 25
[EJ4EZ

AT Y 24 SRR R PEAE A RRAE AR
ORI 2 X1 ~ X24, vEH Y1 Y2 Y3 /ER 3
AYRAS G, S HI6E Y1 Y2 Y3 AT K €0 51K B 43
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Table 3 Non-dimensional data

X1 X2 X3 X24 Y1
1.05 1.13 1.10 0.00 0.00
0.84 0.99 0.93 0.83 0.00
0.86 1.09 0.88 1.67 0.00
1.19 1.11 1.07 0.00 11.24
0.80 0.69 0.89 0.00 11.24

R, BEBREL B Y 1 RS H
FF90 B2 R AE SR S B XA ELBF 41, 4330
HZH PRI, IR IR KRR JE 22 5L,
TR K ESRHE R B | TASCH 3 #I R
PEYLY2 Y3, F RT3 YO (ORI R 5
LA YT S50, A AR B R RRAE SR X1 ~ X24 5jpif
JEIE YT SRR R BOR/NILAR 4

x4 BHMEREESRRBEERNXEBERL
Table 4  Relation coefficient of each characteristic attribute

and decision attribute

X1 X2 X3
0.9986 0.9990 0.9958
0.9974 0.9984 0.994 1
0.996 0 0.9997 0.998 6

X24 Y1
0.9822 0.9822
0.9999 0.9857
0.9862 0.9853

0.998 8 0.9979 0.999 7
0.9981 0.9985 0.9952

0.9790 0.8516
0.9863 0.846 8

XPIET Y1 Y2 F1 Y3 () 3 AN SCHE B 45 kAT
ZEA AT, R HUH TR . AR SO R R AL
Xof L T BT B0V S K €8, DR B, I DG K B i i
FIMIRHE T, 5 B T YL Y2 FY3 RO B, L
%5,

HR A CHREE % Y1 Y2 Fi Y3 (19 3 Fh sk Ja 1k
T 24 ANFRAEAS AT H R BIRHEY XL YL
Y2 F Y3 1) 3 MR AR T R IR ARE, AR ER S
ANFFIEREE G R N 25 8 5 B e 1 S 4 IR B
RIBMEAE N FEFEAE, FEF Y1 B R EBARAE K
X15 X16 X21 ., X14 1 X24 ; 3LF V2 (1 BIEERAE K
X16 X17 X14 X24 F1 X21 ;3&F Y3 B4 B IBAHE Ry

X15 X16 X21 X14 Fl X24, Hrp X17 fIEEE N
1,X16 WEEE N 2,X21 X14 1 X24 (A EGEH
N3 RSO R 5 d s B 4 S HRAE TR A, 4353
S X21 X14 X24 5 X16, Hi4x 20 MNERAEE MR
FEANFIE B PE WA BT Ok, 43 i A& vibration | ro-
tate ,volt | pressure | volt _bins | pressure _bins | rotate _
bins , day | errorS _num , vibration _bins | quarter , 21
monthdayofweek ., weekofyear, error4 _ num error3 _
num . error2 _num F error_sum, SZHL T 24D ~ 20D
FROESR IR, 76 PR AIE 32 SR AE 58 8 A 15 D0 T s> 1
AERTH A A . i, A 5L T 20D-SVM
FEALFNEL T 20D-XGBoost #52 H 1 iy e 500 , e ¢
T2 It 3 Al 95 5090 90K 3 11 M 55 425 4 A5 R 7 i £
TS N A )Ml 55 IR AR ) RO A A

=5 HHEBEM X 5RREM Y KRBLEX/
Table 5 Relation between characteristic attribute X and deci-
sion attribute Y
FRAEAS S RROEJETE Y1 SQIKREE Y2 SRIKEE Y3 SCHKE
X1 volt 0.9979 0.9991 0.998 0

0.998 0 1999 1 .998 2
0.997 8 .999 0 .997 9
0.998 3 .999 2 .998 4
0.997 6 998 9 997 8
0.997 1 .998 7 .997 3
0.997 2 998 7 .9973
0.992 0 996 3 .99 25
0.991 6 996 1 .991 9
0.993 1 .996 8 .993 5
X11 quarter 0.991 6 996 1 L9921
X12 weekofyear  0.990 1 995 4 990 5
X13 dayofweek 0.9913 996 0 991 8

0

0

0

0

0

0

0

0

0

0

0

X2 rotate

X3 pressure
X4 vibration
X5 volt_bins
X6 rotate_bins
X7 pressure_bins
X8 vibration_bins
X9 month
X10 day

X14 dayofyear .971 3 .986 0 .973 0
L9732 986 3 .973 6
.972 8 .986 6 L9732
L9735 .986 5 .973 7
L9742 986 8 .974 5
.977 4 988 2 .976 0
.992 3 996 4 992 6
.971 4 9859 973 1
.979 0 990 0 .980 0
.980 7 L9910 .982 1
L9711 .986 0 .972 4

X15 error_sum
X16 error]l _num
X17 error2_num
X18 error3_num
X19 error4 _num
X20 errorS_num
X21 age
X22 maint
X23 £2f
X24 m2m

R - T R I I I B
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2.5 EEREERS

FET AR FME #2843 50l 1158 0 1 34l s
IF TR TRNRE (F) SF- 27 4E4 ik a] [R] b (M) F-F- 244 4
I e [E] e (E) 3 SE46H5 .

F = sty )/ S R g8, B 2015 4F 1
H1HZE2016 41 A1 H I E/INTEL (366 24 =
8 784 h) /%I4T A ML [B) B A e B

M = Jasf i E)/ S R, BN 2015 4 1
H1HZE2016 41 H 1 HEE/NE(366 +24 =
8 784 h) /%A E BLB ] B i E 4 Bk 3K o

E = SOzl SR R, BDAN 2015 41 1
H1HZ2016 41 H 1 HEE/NEE(366 +24 =
8 784 h) /%L A TE LI ] B 4R B Rk B o

$Z T KiE T K-Means 528873 BB 15 £ il X
I S 00 43 Sy v DRSS AR AT XU S T ol il 2 iR
VBN 2o AR R HL R BOR B E W) i R 2
DR, QNER 6 FR kAR 200 K 515 3 R4
R, BRI BE A K, R A O i A

F6  FHWERIELRHR

Table 6  Description of each data attribute category

B2 o WU 1R 7 R P55
RAHL 92 8
o Ee il % 92 8
F¥#9(4 1212.42 3 660. 00
M ¥{ 308. 40 305.29
E ¥ 229.02 261.36

WAL T R L F BIE M S E 1Y
{EL, XREEERAEAT 0T, A5 IR RHIE «

(1) e e B, B 46 - B B4 o5 LE 92% , 7l
DL R 2 B B A i ANRRUE 19, A7 FEAR K Y il e
Beute EATTRA T 24 o (] o ek s DB o 1 212 A4
AN BIEE 17 A A Bkl AT
B4t A 1) e B (] 18] B O 229 A~/ BPAF-3 1.3
SRS H o WY I M ER R, IR
SP-32 24 47 18] e B A 1) B O 308 A~ /N, RS- 3
12. 8 REAT— R4S, INAESE PRl 55 B 5t it
R B T s XU T o

(2) ARl B XIS 38 - 2R BEAT o LE 8% , %K
AR BEHIREAS  JORER” 19 AU M A T 2
ADLE) o BT X R ] B ] S 3660 A4>/)y

IF, B2 S AN B — OB . AR 244
i 10 o 5T 1) ] B g 261 /N, BR324 1.6 Ji &
AW . ARSI R, IR
gy ) B ) 1) [ B 2 305 /N, RISP-34 12,7 R
PEAT— IR FE S bRl 55 5t b IR B T
ARl e XU 18 45 o

RSB e XU S5 A [R5 Kk
AR AR AR AN [] SR B — ) o0 A6 2 e LA 7
AREAS 175 B0 T 552 BT il A 50 1A 7 3B 000
PR, 5 0 FEAN RIS BUAE AN [A) 355 B R, LA
XS AN [ 18 TR0 {8l A ) 98 90 000 5 78 > i T 930
IR o R T PR AN A TR A, 4 A v W0 B IR 5
£, R FH 3 45 R A pred _ 1w T30 HL I 2E 17 45 A
SOTITOIN 5 7 Ay AR B XU 15 5, DU >R AR A9 %2 1)
pred_1m TR HIL ] 247 & I T000
2.6 ZHXXBIEFS

A SVM RS I #% s B2 RGB, PN
SR BT R AL C A KB S SR gam-
ma, S TP BCE Y C BUE NS {32,64,128,256,
512} ,gamma JEfHEE{le - 1,1e -2,1e -3},

XGBoost fR1F M 12 1 W A3t S H0k &
A n_estimators = 50 , max_depth = 10, learning _rate
=0. 01 ,objective = binary ; logistic , gamma =0 ,min_
child_weight =1 subsample =0. 85 F/ reg_lambda =1,

ASSCIRT AR S A AR 4L n_estima-
tors, B B IR E max_depth F1%% > 13 >R learning
_rate, SIS U B Y n_estimators f{) B 15 Bl & { 50,
100,200} , max_depth [ B{E G Fl & {5,10,151,
learning_rate {2 (0. 06,0.1,0.61

KT NI EIESLR AR . JHZ)5 SVM
BEAL 4D FAEZS ] T S0 € =512, gamma
=0.001;14D 71 24D FHiE= 0] i AEB S HCN C
=32 ,gamma =0. 001, XGBoost # I 7F 4D FH1E =S
[8] F /B S H0N learning_rate = 0. 6 max_depth
=5 I n_est-imators = 100;14D 4FAE 23 [A] B fH 4E
HSHCHN learning_rate = 0. 6 . max_depth =5 Fl n_
estimators = 50; 24D $F1E 25 6] T EB SN
learning_rate = 0. 06 ,max_depth =5 FI n_estimators
=200, xR HITEA ] 15 B0 T d5 AR R 2 80
H2E 5 ARK, FE4r il T 808 2 1y b 2 Fa
Rk
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Table 7 Results of three-fold cross-validation experiment

) Dim 4D 14D 24D
g v 0.1 0.01 0.001 0.1 0.01 0.001 0.1 0.01 0.001
C 32 0.039 0.357 0.376 0.000 0.069 0.394 0.000 0.016 0.389
64 0.039 0.372 0.385 0.000 0.069 0.378 0.000 0.016 0.387
128 0.039 0.366 0.402 0.000 0.069 0. 381 0.000 0.016 0.387
256 0.039 0.363 0. 406 0.000 0.069 0.380 0.000 0.016 0.387
512 0.039 0.364 0.413 0.000 0.069 0.380 0.000 0.016 0.387
2.7 MERERBPRIMIEETRNE RS 1 _2 x Precision X Recall x100% (4)

AR08 T ) P A PR A1 4 5 s N 45 SR AT
M5,
2.7.1 ARAIFAEIAR

ARSCHRETIR VA FE G, fd I A 2% (accuracy ) |
FE 16 (precision ) | 3 [8] & (recall ) \F1 3% (F1-
score ) #l1 AUC( Area Under Curve) X 5 M55 4
T Ay T ASE AR ) 1R B

TRV A D — b a] AL T2 Al Rl
PRI RICR o AR R B T 45 2R 5 LS
RGBT A REARR 73 4 280 AR
PR R SCORIEZR, A IR R E LTk, HIE
{1 (True Positive, TP ) &7 ELS & A= M 1) 15055
2 T Sy 5 5 5 L 671 491] ( True Negative, TN) 378
B FLSEOR K Az e B ) B B 45 T O TE 5 IR E
19| ( False Positive, FP) 37 FLIR Je A 3 e 11 15
P bR TN Ay 5 5 A1 171441 ( False Negative ,FN) 36
TN LI A ) TR B AR 2 TR0 Sy T

YR 38 J2 TOUIN T 4 1) A 3] o R A B L 9] TE
R0 PR O, RIDR il 5 M0 Sy g e, L 5
JE AR B I I A X A 1,

Accuracy = P+ TN
TP + FP + TN + FN

R 5 TN Ay o 1 v L S B 3
4 L8], 4[] 24 S L S Wl e 14 8 o w00 Ay ik
B A L], 507 X s 2,

Precision =

x100% , (1)

o x 100% . (2)
3 ] 42 LS SR I R 1) 15 8 r 000 Ay 5 e 1
He ], i L A3,

Recall(TPR) = TPT+PFN

F1 O3B HER Z 04 (8] 5 — AU , e hG
BRI ] R A28 TR A 4.

x100% .  (3)

Precision + Recall
ROC ( Receiver Operating Character-istic ) fiij 2&
PR 2 TARRE” £k, L FPR Sy i Ak
i TPR 2307 T 2 425 28 T 1%
RIEBIR I E FR, TPR O BAEZ AR 45 6] F 4 ]
T 3 2R REUE, FPR g RIEZE K, 1t
SR B T I B h A SR A D Sl
AT, 3R A .
___FP
FP +TN

AUC 2y ROC Hit £~ ryTi AR, 27 5000 4 1 47]
FIETE 9] i T A RAE 25, G A 2 A B g 12
REBAL
2.7.2 BRI LR 5 A5 s

TRBE 27 2 1508 MLP mJ 27 > g A 21 i 13
PRI , L5 A ] B ASE TR w2 IR B AT AL
AU L2 28 B R, 38 T A58 oh 1 A%
AR, MO R B~ > BB AT X LS5
AR SCHC B MLP 58214 5 — A Fa il 2, Bauk J2
(R Bh 28 TR 100, 0 PRACH relu, JH A A58 Y
(AR R BCHE I 25 4 B Wi Si7e D4R B & |,
K 5(a) fir7ns (H A MLP model loss J& MLP 55 $5
KR, epoch SEZEAFE ) o AT units fie 2%
e M2 TC R D 5 I 2R eR B0 S, 1 IR 2
AR AR 1Y 458 2K s Kt Z 40 18 5 (b) Frs . %
SVM #5581 XGBoost #5485 i 27 ] BRI MLP &
ANTR) T30 JE 3 AT SE 5, 55 20D-SVM AR A |
20D-XGBoost 5 1 55 P B 22 >] 45 B MLP F3 il —
KJe (pred_1d) . — i J5 (pred _1w) Fl—4 H )5
(pred_Im) B4 AL, %5F Lb A3 AFr A 78 g o) 4
AE. 3 MERIR LI ZE R UL 8,

A ] — A58 AN [w] 350000 Jl 489 £ B2 R B, 20D-
SVM R — 2K f) M 22 4 ] 238 e s, FLR

FPR x100% ., (5)
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R IR —A 5 Ja o B0 — i 5 20D-XGBoost 151
RUFIOI—A~ 5 1 A =3 0[] 58 i iy, HOR Oy 1
M —K, o T — &

fiff Il MLP BEFU 44 12 1) 20 AR50 40 17 i o
TN, NG5 SRR, MLP A7 (1 350 0 o i 3 2
80% , 43 [n] ARG, AN F 30% , 5 SVM FlI XGBoost
BEARUAH BN ASOR 5 2% UESE 1 20D-SVM A A 5
20D-XGBoost £ HY 15 A

MLP Model Loss

0.60 1 5
m— {1210
test

0551 |

0.50

loss

0.45

0401 o PR A

! e A S

0 25 5 70 100 125 150 175 200
epoch

(a) units=100 LOSS % #

Kl 5

L LR W TR e 5%, i TR S,
He R I T 20D-SVM BERIHEFT pred _Ld f) 45 H %
BT H T ORI B B A Rt XE LUIE B 5O B
PEATHE SR o X T RO A g RS B4,
A R R AR A5 vy, B R UK T 20D-SVML A A
pred_Lw {1456 J& SIS B0 5 ok - R S S A AER XU
B, HR AR A B R AR, R BUE T 20D-
XGBoost £ 84 pred_1m FH Ji Sk B 5030

MLP Model Loss

| —— train

0625{ | e

0.6001 |
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loss
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v vs,\,.v Ay AR (
W AAY ' L 4 i
0.475 W M“a"l'ww‘v' Yy "‘""",fj," W Pl"iif“f'"w‘x &
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Fig.5 Loss of MLP under different units

+R 8 SVM.XGBoost #1 MLP 3 FhisEHY g4 ¥l 45 52
Table 8 Prediction results of SVM, XGBoost and MLP models

Time Evaluation

period  dox 20D-SVM  20D-XGBoost  MLP
Pred_1d  Accuracy/% 87.04 85.22 78.45
Precision/ % 66.79 64.56 72.59
Recall/ % 100. 00 96.01 27.92

F1 0.800 9 0.7721 0.403 3
Pred_lw Accuracy/ % 80.83 77.70 74.94
Precision/ % 57.49 53.76 92.31
Recall/ % 100. 00 100. 00 3.49

F1 0.730 1 0.6992 0.067 3
Pred_Im Accuracy/ % 84.67 95.19 74.08
Precision/ % 62.69 84.26 50.00
Recall/ % 100. 00 100. 00 2.18

F1 0.770 7 0.9146 0.0418

2.7.3 BHAEEEMERXR ST

SRy RS B0 R A P A R I T P O, A
SCREAS R 25 8] T RS0 A SO PE e 27 7% B
Mro Gl 6 Fas  FE T i 3 Ay — K — S5 A —A~
A3 MR, 538 3 FRE2S [AIRCR 3 A RAE
2[5y BRI LG 4 4ERRAE (4D) | LA 518 17 808
SR Y 14 4ERRAE (14D) , LA K DL & B )G

T3 525 Ry B A T R B 20 4ERRAE (20D)
ASAFEH SVM 5 XGBoost A A il i ROC
LR TR A 1T 25 1) PR ) S T 7R N 50 S P8 52 )

mE 6(a) B 6(b) B 6(c) 43l & SVM 4
RITE 3 RS0 A 3 B A W] R AR 25 (8] 1) ROC {46
EREENTAE A ROC |l 28 T AR A5 70 (%) o Ay
B, T LA AT B i 3 e v, B A AR AR
AR EE , SVM ALY 00 v A Pk AN W3R 5, 14D T
J54f 4D ,20D fiLF 14D, E S AR 8 5 18 31
PR FEACR . AN AUC (ERE ,3 Rl 5t T,
J5 4k 4D ) AUC {EAE[0. 65,0. 81 ] X [H] , T 5 Al
RO 2% ;14D 1 AUC {EAE[0.85,0.91 J X ],
TSR — g, (HE 4D A T8+ ;20D 1) AUC {E
7E00.93,0.97 | X [i], # 14D #k— 2047, F0 2%
FAREF. B 6(d) B 6(e) & 6(f) 752 XG-
Boost LAY AE 3 Fft 50 Ji] 103 R A [] 45 ik 25 [ 1
ROC HiZk. XFF XGBoost #%Y , 7E pred_1d £ pred
_Lw T g 5 v, K Y 14D 1 20D FEAEBA DR
Uf 4D FURCR LT, {5 20D F AR L T 14D 5 7
pred_Im Tiiiil] 3 5 v 20D F0 fE 4 14 0 T 4D A0
14D, 5B 20D FHEFY HE7E XGBoost 74 4K Jif] 1 it
M bR AT
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Fig. 6 ROC curves of SVM and XGBoost models in three prediction scenarios and three feature spaces
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