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Multi-task feature sharing neural network used for
fault diagnosis and prognosis

Wang Zhen, Huang Ruyi, Li Jipu, Li Weihua
(School of Mechanical & Automotive Engineering, South China University of Technology, Guangzhou 510640, China)

Abstract: Intelligent diagnosis and prognosis techniques have been widely applied in modern industrial practice. However, there still
exist same limitations as follows; 1) the techniques take the identical type faults with different degradation degree as different individual
fault patterns for classification and identification, which is unreasonable in practical industry application; 2) the diagnosis model based
on the training with specific data lacks generalization ability under varying working conditions. Aiming at above mentioned problems, a
multi-task feature sharing neural network is proposed and applied to the intelligent diagnosis and prognosis of bearings. Firstly, the CNN
is used to construct an adaptive feature extractor, which extracts deep features from raw vibration signals. Secondly, a multi-task feature
sharing diagnosis model is constructed for classification and prediction, and the fault classification and fault size prediction are realized.
Finally, the proposed method is verified with the benchmark bearing dataset from Case Western Reserve University (CWRU). The
experiment results show that the proposed method not only can realize the task of fault type classification and fault size prediction, but
also possess strong generalization ability.

Keywords: intelligent fault diagnosis; multi-task learning; feature sharing; convolutional neural network ( CNN); long short-term
memory network (LSTM)
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M T B OB IS W, Janssens 257 BT J A2 W)
2% (CNN ) FIPe 33 {8 B 1A% $ (fast fourier transformation,
FFT) SCBL T XHESHMRIE EHT, Zhang %5 $1H T—
AR 2 45 (deep convolutional neural networks with
wide first-layer kernels, WDCNN) , 35 I F2AS 7128 T8 T #Y
ARSI, AR ST R T T A R E A )
#% (stacked denoising auto encoder, SDAE ) f{i2 W& , il i
R FRER ¥ (particle swarm optimization, PSO) #E47 2501
Ak.o Shao %5 3 —FhFT L [ G 4%, sl it A T AR
¥ (artificial fish swarm algorithm, AFSA) 735Uk, 1EIE
TFRHURISRHS W EBGS TR IROR . Lei 47 R TG
B I SR IBOR AP, P45 5 VR BE Al 22 I 28 1A T i B 12
Wro Shao % A" # H — 7 AU % AU {5 W 4%
(convolutional deep belief network, CDBN) , Jf-7£ H 3 #1 4= %l
TERKBEAH AR TR RIROR . Zhang 25 4RI T 1R 30
R 2 5 5 10 2 A B G RRAE, A S ) L
(support vector machine, SVM) #4 7 [Ei2 W, Jia L6l gy
TIET FFT AINR A2 M2 (deep neural network, DNN) f]
WA, M T R TR B A G
BRRZE LS TN TR SRR RIS

R RIS W T IR BAR IS T —E I AL BT A
FELATT R BRA: - 1) 4 AN [m] 1 A 5 3 g [ 248 AR il s R4 22
FAN [ e i R A 2, 00 T 20 2 9 O 2 ok R IR AL R
MFE SRR Tl PREE o, WA B A IR AL AR B 1) 2 2 R 3%
SLARL YRR B, ) A0 VR S il AR 0 s R R R, R4y
K7k AT B & B AP AT G Tl SEBR G 5
2) FEGE AT X R E T UINZR R REAY , 76 T80 (Un e A1
AT ) KA 2T EE R TOUZ AR T8 25 o TSk
BTl A 7 e, XERASCER BT A 000 ) A5t DA A A 1 25 5
3) A Ik Z R TS Wi e AT 55, AN A s 3 2 sl vk
AR AL T , Tk [R] B 52 30 22 P 55 A2 W AT

BEXF R BT, AR SCH Y — b T CNN AHR 8 1 il
TEIES 1 22 AT 55 R AIE 52 0 28 10 2% (multi-task feature
sharing neural network, MFSNN) |, 34 i F T 78 shli &
HIESREB I W AN T, P28 HA 2 AT 55 R Ak 2L 2 1 oy
R ZAT55 WA I 2R, mT [a) B S 300 R 43 24T 55 R
FEIRAERRRE AT 55, A R4 TolizAkRe 1. %6,
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PR 5 24T 55 IRl L 22 AR 38 AR AR . SRS, [RIE 2t
SEEATRSAGAY Sy AR FN TR AN [ ()4 55 A5 DA
0 FRAE i — 2D PR 3 B IR 2 09 R e R AIE , DT ] Fsf
SLIHET Softmax F32SARATHURE 73 ANEE TR IHIAZ
LRI RS T . R, a0 5 I PO it R 2% Py iR
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ANELRE RS2 3R e 5 24 78 178 S TR0 AR s ST ) T
W, iy BB SR E Tz AkEE T
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1.1 CNN
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RN A U AT

BRZIENS b — 2 B AT, 38 3 A AR AR A
LEMERAE A OB IR IE R R . ARSI W e
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7, = max x| (3)
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Fig.1 ~ One-dimensional CNN
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[F] A S I I 0 45 24 i A i R AN U T 2 AT Rl
WA A K, T A XL E B eic iz 6E,
AT TCIZ 2% RE I Ak BRAC I [R] PR 81, O 2 )42 I
FHF AL B SOAS T <5 450

KA th Z eI R ITH L., B 5
TCHRIATT GEAT] it TG, I 5T A RS (cell
state ) PEAT N FRIEPRAE SAL I , G50 AN1AT 2 Bz o HLAi )
A AR ARy

C,=f-C.,+i-C, (4)

h, =0, » tanh(C,_,) (5)
K C HEPRE,Co h E—BRITRPIRES b, S 25T
SRR, C, A RIC IR IR IR IR o i, L0, FILS, 43N
BT Gyt TR ST TR, AT AR R

i, =0 (W, [h_x] +b) (6)
o,=a (W, [h_i,x]+b,) (7)
fi=o (W [h 2] +b) (8)

s x, AT b, O E—BE ISR 50
ARLPERE L

K 2 LSTM B0
Fig.2 LSTM cell

FEREAS LSTM Boerf B AT st sl ] g 1) 3 )
M BT HPIRAS , shASHL IR AL AT IR IS B .
1.3 ZESFUELZMHERLZ (MFSNN)

BT LRSS Al PR —Fh 2 AT 5 AR L s 2
W2, PRL% A JZE RIS AR | A5 TR R 3 0 52 7
Fa 1%, I S5 R TR Qn 1] 3 TR o

LB % 45 5 0
{ ]
el e T
BE 5 KSR S
' 5 2
e Ul A B — oA %
s . 220 | #
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2 i
s S Y % i SHERR
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TrEE § | ?& N #s=:B ?@
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K3 MFSNN
Fig.3 MFSNN
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2) PEHEHET —4E CNN (WRFAESRIES , FFAE 4R A e
g N IF AR S5 5 T 4R BUR 2 I RRAE , SC B F 38 I 19 4
FEFRIR, 3kt T N 5 BURRAE (9 A 8 2 1 Bk &l TR
I HE 5

3) W PR A TR 2 R AE e 2 2 OR [] B AT 55 455 A, I
THARAH N 1 53 45 2 R TIN5 2 5

4) FHAEYR 3) v 2 A R AT 95 2K 28 B IR A 4
R BA IS, /MBI A B DT[] s 52 903

Softmax 732 i 14 85 5 73 24 LR T4 A IR A2 199 288 1Y il
B RS

RERIPE REIL WAL R T B —F e AR 55, Dl U ise %
YR 2B PE R AR A TITI o SR AT, LA 14 e e A A0 1
REIR LB SR A7 A — RE Y RH O 2, RV BRE 28 1) R
SRR Z (A7 —E AR ACEIAZ
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HEFRHIE . SRS AN [R] A AT 55 455 0 0k 300 FH R AE ANGE —
Ao 2] PRI B B2 0 KR RRAE , DT S 30 24T 55
IE L2 () R PR IZ T o

AR A W B 24T 55 1B I 25, B Ok eRB0CK 45
TSR B ZPEINAL, BVBR A% pR 8, o %
W

L= le\mLm (9)

MO AT 55 B A SCIE R 25 L, S m TS5
PR BREG A, e m AMES5 HIAGE .

IR 3 S AT: 55 1 45 2K bR ERCh 38 SUIR 901 2k pR 4K
(cross entropy loss) , H.ZFiE7h .

&« A
Lo == 3 [ 2 211" =k logGD] (10)

s NI K 53 Bl R AR B SNEG y" Fom 86 n
AR BB 5 vy FREE n ANEEASH R A SE kAN R 22
TCRTBOE AR 1 = | R AE/RPERREL, © 7 AR A RIAL
R EEHRE T, AR E O,

AL R R TN A 55 P 908 % pRERCR 349 5 1R 25 4 R R AR
(mean square error, MSE) , gk R .

] 0 n n 2
Lppresion = NX Ywe = Ywea) (11)

e N ZRMEAREG Y BN n DREA Y IR RN
3 ea FONE 0 DREARRI S ICHNE

2 % W

2.1 ZIHIESE

AR UE TS WLV 0 E A 1 Az AL RE ), R3S L
VG A R I TR Sl i B SE A T S B0 . i e AR
A dE 4 PO R Y 7 20 ARG AL A, B & 4 FlOR R Y
TOLe SEHA R BN T 40 5 A b A 1 P8 | 18 N iR
ik 4 ¥ T AR R SF(0.007 in,0.014 in,0. 021 in,
1in=25.4 mm) WS B0 . AR5 FH 28 26 7F 3K 3y g R XL
3 it P O 8 A B R SRR B I FE A o AR SR T
SRAETER A 12 kHz (83K B n 2 B 508 , FL 0 d% 3 FhAs
Rl L4, anse 1 frs .

£1 RABEIR

Table 1 Testing conditions

T4 i far/hp %5/ (romin~!)
A 1 1772
2 1750
C 3 1730

NHORAT LA B REAS R R IR R 45, AR SC il LB

5 — o K B B BOR A B AN YRR AR, TR
BF, A O BA R AS () (0 B () 2 82, A 2 DMEAR R
Bo LAAHIBAA K B RFEAS BTS2 56 25 B0 2 ), i
BRI A A B2 2 048 A AHSE 2 AR E
BRHA 25% o FLAREE SR AL SRR A i 3R 2 B,
FEANREAS B A 58 1K 1 I 3k B I SR s 45 5, HEmd B e
mE 4 iR, B4 Ca) (b)) Rl T80T 8k R SF R
0.177 8 mm [ P4 P FIVRBRBURAEAS, ] 4 () F1(d) R[]
TR B R 14 0.533 4 mm (4 PN P8 FNVR Bk R kR AR
XFE (a) () 5% (e) F1(d) o] %0, 2EAH R RCBR AR BE R,
[ 5 A = 11 D s B 345 5 1 R T MR B R 28 41 K
B2 5 5 X5 L (a) Al () 5 (b)) FT(d) AT, 76 AH [F] 55 R A
KT, A [ P B 1 Ji G s Sl 135 5 1940 D8 O W {1 R . 2%
WAFAE I I 22 5, B A B K, 4R Bl 5 5 1 I i . B
SN AT 55 AR 3L S 8 0 4% ] DA T LA B S
S o) YR B AR AR AT 45 18] (0 6 52 030, M 52 2R
Wl B 21 7R 2RI e IR

R2 KREAREN

Table 2 Composition of experiment samples

LHZERINA FEAR WS AR 2 e RSF/mm
IEH 900 0 0. 000 0
240 1 0.177 8
TR s 240 1 0.3556
240 1 0.533 4
240 2 0.177 8
A P i 240 2 0.3556
240 2 0.533 4
240 3 0.177 8
PER 240 3 0.3556
240 3 0.533 4
st 3 060

A BRI 12 W B30k B WA 1 , AR SCM) 70 2
SRR e i 26 Y 1) 73 & WA 3, 3 07 AR % 22 (root
mean square error, RMSE ) S P-4 it b R~ %) T30 1% 2,

RUSE = [ 3 (3, =i’ (12)
K N R HEARLG . FORH n DR SRR
3 ¥ e FORHE 0 ADREA BRI TT BN
2.2 MFSNN #HEIS#]

AR SR FA BE 2 ST HE S Keras F4 R I 2544k

e A Adam, *7 >) FUE A 0. 001, BRA 5% R 1 X (9)
~ (1) 738, AR FRIA N -
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Fig.4 Raw vibration acceleration signals

L=AL, +A,L, (13)
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AR, A SCHR A, = 0.3 Fil A, = 1.0,

L4t (batch size ) FEE QK &L (epochs) & 2 A8
BV 2, X 5 R0 A Wi S50 1 I 506G JEE A 5 R
Wi, SRR BT S A1, B A 00 B AL Rl
BLITHEL, 4% 7 350 0 U Zr e A 4R, 1 A7 2% WL
AR S A AT, A A I b A 73 2 i
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Fig.5 Selection of batch size and epochs

ZRAHTTT 15, Y4 5l 64 F1 256 B, 48 AN FaRE .
Wit 128, BEARRECK T 20 B, o i R AR E AR 99%
A7 ,RMSE fEE—E MR 8l o XFUREE 2 AL &, 1%
ARURESE I [R5 r i B TRl L AE 3 in o PRLI
AR SCHEBEEACURECA 20, L0 128, 2T [ 25 i S 3
T A A TR] R , D DI A Y il 5 G sk )

2.3 MFSNN #& 8 #E ff I8

SRR TR 12 W 5 T o A R R R AR DL T 13

R0 RN R GE Fn R 4 | DASE SR 4 77 =X, 23 3 AE AL

B.C 3 FA[E T.00 T 56 Uk MFSNN A5 1Y 75 12 Wr 55 50 75
THT (AR T , SEBR R R ISR 3, RO ANTA 6 FT R .

£33 AEIRTHISHEER

Table 3 Diagnosis results under different working conditions

T HERG 2R/ % RMSE
A 100 0.017 5
100 0.0117
C 100 0.008 2
S 100 0.012 5
ﬁl\ F = =
—— FUERA ‘ J
Bl RN — | -
|
o, L — [ —
W ey 1 L
0 250 500 750

FR asml
Fosssel - PR P
p‘

01778 |
0.0000 | ¢ 1 1 1
0 250 500 750
FEA 5
(a) AL LB 45 R
(a) The diagnosis result for working condition A
ﬁl‘ = — —
— KA
B[ - B rt — L,_I
& e - :
J | PR e e I |
0 250 500 750
PR S
g 053341 — R r‘-"‘
f. 03ss6f © BEURS P‘-
é 0.177 8 |- [EUE————
= 0.000 0 [_¢ 1 1 1
0 250 500 750
FEA P 5
(b) BLI LWL R

(b) The diagnosis result for working condition B
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(c) The diagnosis result for working condition C
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Fig.6  Diagnosis results of model cross-validation

% 3 AL 6 AT LRI, FEANR 00T , B X e
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STIEE W] TR T vk ST BT i 24 TR A 43 28 T
RGF R T, I FLEUS T 4 i A e 5
2.4 MFSNN 128 T 55z L g 138 iE

AT 2 A S Z ), I A8 SCRIE Y T ok
B3E MESNN #EA () T iz Ak BE F1 . [l s 2 Fhal s
BRES W AT X G, TR} 5 A4

1) SCHk[ 16 ] 32 H 19 DNN 12 Wi 58 12, e 0 & A kEAR
AT PR o8 L P | P AT AR A AR A A S
Bl A A R 43 2

2) SCHk[10] 42 4 () WDCNN 12 W78 8 | 1 75 3 5
AR BN SR AR A, SEPRRO R 43 2

3) SCHR[ 15 1 AL G2 Wik SYM, St s i i
BE S HREUYME T 2 O HIRAT 18 TR A S0 4R 1E
PRSI HRREAE A SEBRRE 7 2

X 5 2 R S R B ARE 5 X — BT 55, G
RSB R TR, A A BESIE MESNN BLAL7E T4
T2 AR 10 55 S 7R 3 2 A i 23R AR e IR~ T 2% 2% , 3l
TR T VR 0 2530 A B AR | S I 2545 21
B RS AR AR 5 FH A0 T 0 R B

SHEH)

ARSI FE A, SR ) BR — A8 SRR 2 00 Kl 40 5 4R
MR AE | BIE P p 5 — 00 B s i 4, A T
BLAEE INERAEE o B IINZRAE s A MEFSNN F57 , Jf58 13
ZAES WA NG AF RIS WA, S, AR Bl ok
MR, SCIG SR AN 7.8 gk 4 iR, R AY“AB
—C”FIRIZWIEL T A A B 2 Fh T80 A9 H 8 45 24731
i, T C Bs S 07 7 AN g8k

RMSE: BNEN A3 ™S DNN #+'s WDCNN @ZZ SVM

; AL ~de— DNN WDCNN—e— SVM
100F 2 T =
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Fig.7 Experiment result comparison for case 1
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(b) The generalization result for working conditions AC—B
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(c) The generalization result for working conditions BC—A
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Fig.8 Experiment results of the generalization ability of

MFSNN model for different working conditions
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Table 4 Testing result for case 1
S AR DNN WDCNN SVM
415 HEFR/ % RMSE HEFZ/ % RMSE HER/ % RMSE HER R/ % RMSE
AB—C 99. 74 0.022 7 99. 96 0.089 0 99. 48 0.033 8 89. 48 0.078 9
AC—B 100 0.012 9 99. 84 0.080 0 99. 96 0.030 9 99. 11 0. 069 1
BC—A 99.93 0.040 9 99. 38 0.079 9 99. 47 0.062 9 97.08 0.094 2
S 99. 89 0.0255 99.72 0.082 9 99. 64 0.042 5 95.22 0.080 7
SHEDI2) s kY B D DO S
A BE MESNN R H0IZ ALRE 1, A 5250 291 A A 0
SUBEIRCHE — i T80 05 R U B 28, A T80 0 K4 e
R MBI, SR AN O P S ik, ey oo0r X R VRE A TRIEE
iy A B SR MR FH T A BB S AT I 5, T £ x4 RUR R RARE
BB B MRS I PR ot wg %2 %7 SO R %4 &7
AL HLASIT 2 SR, T A L R 1 4 7 g "ﬂ 3|
1 ) F)Tj:}:é MFSNN )Fﬁﬂ ’ }Téﬁﬁ%ﬁ_%ﬁjﬁ%ﬁll QE ’ ﬂ IEJ HTJ‘ 40 A-Hf A-DC’ B-M.A' B-).g C-;,: C-OIB’ EFi;Jy
S IR RE 2 TR 53 24 R s RS FU 22 A 55 5 1 % LG T B0 0] 2) S5k o
T 3 I R BB X 43 AR RO ) g 4 BT 55 _— E‘ - l*'”'” R
BREAY | Tk [R) I S B B S A 3 S Tl e RT3 ‘g9 Experiment result comparison for ease 2
x5 BH2)NWER
Table 5 Testing result for case 2
Sy A3 DNN WDCNN SVM
2H 5 HER R/ % RMSE HER R/ % RMSE HER R/ % RMSE HER /% RMSE
A—B 100 0.012 8 96. 32 0.112 4 98. 41 0.060 7 91. 40 0.087 2
ASC 99. 64 0.022 0 99. 47 0.089 1 95. 16 0.073 3 90. 01 0.087 1
B—A 100 0.038 1 93.61 0.101 9 99. 13 0.057 2 90. 58 0.107 1
B—C 99.72 0.020 9 99.20 0.109 3 99. 62 0.048 5 90. 74 0.092 8
C—A 93.16 0. 059 6 98. 63 0.099 4 94.97 0.1114 90. 83 0.101 5
C—B 98. 40 0.024 8 97.41 0.113 9 93.32 0.076 1 91.22 0.089 7
S 98. 49 0.029 7 97. 44 0.108 9 96. 76 0.071 2 90. 79 0.098 4

2) 1€ 2 NRIRN Tz A S50 22 5 rh , MFSNN 52781
B B S TR (4 5 MERR 2R 530 O 99. 89% .98. 49% ,
PiF DNN WDCCN 1 SVM 3 B b 7 ik 5 s B R~ 7t
SRR R 2E RMSE 43514 0. 025 5.0. 029 7, W4k F
X

3) Z2 45 2) FH—Fh T8 ) Rl I 2R Y, T 21 Y
BRI AU B 1) 19 50% o i B 52 56 5] mT
BRI AHELERH) 1), Z 45 2) v MESNN [yl B 2 R iy
S UERA RAL AR T 1. 4% , Hl i X~ 00 SF- 2 1 7 AR i
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