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A hierarchical intelligent fault diagnosis algorithm based on convolutional
neural network

QU Jian-ling', YU Lu'*!, YUAN Tao', TIAN Yan-ping*, GAO Feng!

(1. Department of Electrical Control and Command of Aviation Instrument, Qingdao Branch of Naval Aviation University,
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Abstract: Traditional intelligent fault diagnosis methods largely depend on manual feature extraction and expert
knowledge. However, complex working conditions of rotatory machinery make traditional fault diagnosis lack adaptivity
and generalization. Aiming to solve the problems mentioned above, a novel CNN-based hierarchical fault diagnosis
algorithm called CNN-HFD is proposed. Firstly, raw temporal vibration signals are segmented to enlarge samples.
Then, several simple CNN networks are constructed according to fault categories and severities. Training samples
divided by a certain time-step are sent to the CNN. Finally, signals to be identified are utilized as the input of the
CNN-HFD. After hierarchical analysis, the fault category and fault severity are output at the end of the model.
Experiments on rolling bearing datasets demonstrate that the proposed method can not only achieve 99.5 % fault
recognition, but also keep a 97 % accuracy under variable loads, which verifies its good robustness and generalization.
Keywords: convolutional neural network; deep learning; hierarchical fault diagnosis; rolling bearing; vibration
signal
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5 P [7] — W e 2 (45 5 2 [0 ] A7 1 s B A G
P, 2206 2 R IE T 55— 5L A T SR I
(1 WA TR 2, S0 IR 2 ) RE TR B L IR B IR
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FEAE TH Y, CNN [ BUE 3 5222 CNN A B4t Ry
AR RN Sopn i A2 T 2

Si - I
Sy = M Dernel | g o)
stride

EEF'Z SiFM ?'\jiﬁtﬂﬁﬁﬁﬂ@ﬁ#,wmmel %*R*Zj(
/N, stride NEFALAE F— 2K 2K Bk, A
LIRE T LN SN param 82 T2

Nparam = (Niem X Wkernel + 1) X Nopm. (2)
FoAt: Nopa 1 Nipaa 73530 25 i 4 0 4 N ARFARE T 7
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AT B UE A S BT ) CNN-HFD 59250 52
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12 kHz. | L KAEIN TR 53 AAE A R N B 4
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(A RS2 06 7 38 ZR 306 3% M 80 Yo, I MR REAS 75 By K
BB B 52, 2 I SR B AT 4R, B FloIR &S B AL
I 50 %o ITREAAE N G 8, FLARAE IR, VEA
(RSB AE A B S HNT B B SR bR ic e 1 .

R 326 HX %) S 56 A AR, R T AR TS B 1Y
CNN-HFD #5284, B4, 7 4 4~ CNN. H it CNNO £ 84
FAF R 2, ONN® ~ CNN B F T30 31

Tl SKIREALARR

RS REA(E B SIS

WMPRT R PR FEASE JltRid BRI

1% 7 1024 500 0 7

7 inch 1024 500 0

P& 14inch 1024 500 1 1

2linch 1024 500 1 2

7inch 1024 500 2 0

SR #s  14inch 1024 500 2 1

2linch 1024 500 2 2

7inch 1024 500 3 0

WHh ki 14inch 1024 500 3 1

2linch 1024 500 3 2

AR A EE, A5 CININ B 28 1 2 50k i 0 X R 4 R
EE, s ES R E R 2 s, AR R H 2, B
SRVE T G i) d Rk AR IR A 50, (B A 35
A T Earlystopping #L 1], 1 it 5 A% Il £ i 72 1 2k
BR A0 2K R BCE A A0 G AR TR (1) A2 4 B, Earlystopping
AT LLOdE I 28 1B AR I 25, By LE AR T 3 DL S AE —
TEEAR B A AS 7= A2 B B AR, B I 2Rk,
Dropout [ Bk A 8 4E 7] UL 087 1 I SRR 2 S
A WS IR, A R R R 2 AL RE

%2 CNN-HFD&S¥iRE

24 CcNN®D  onNN(P onng® onNg
LR E 2 2 2 3
faEg oA 128,64 128,64 128,64  128,64,32
Dropout FL3 / % 25 25 25 25
e 0.015 0.015 0.015 0.018
NI EIPIZS 32 32 32 32
FRIERIEL 50 50 50 50
LA P FNGN 3x1 3x1 3x1 3x1
Mk R 2 2 2 2
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AR SCAS Y 3 37 7 T python [ Keras ¥R 5 5 >
JA 200 L iR P B £ R O 15-6 300 HQ AR R 4%, 8
GB W7, Linux R 4t. St & AT R £50.375 s,
BRI 2 1E 16 UGB AR E 158 2 28 18 261 20
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3
2 —
=
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7inch  l4inch 2linch  7inch  I4inch 2linch  7inch  14inch  2linch
2hp 1 09907 0987 09907 1 1 1 0.9840 1 09080  0.9860
3hp 1 09413 09375 09413 109920 1 09933 09933 09509 09750
2 T— 3.5 xttbskig
N T A SRS BT e s 2 iy
= — FOERIIL 25, 0 % F A ARTRNE I B 1) 4% 48 i 22 I 4%
« (Back propagation neural network, BPNN). #f & 1 F
. %ﬁmﬂwﬁég 2w IG5 (Stacked denoised autoencoder, SDA). ik
O 200 400600 800 [20] B 77 7% FrifE CNN DL K B 795 24 4 22 X 2 (1)
BEA #HE RNN A1 LSTM 45 5LVE#E AT 0 LL S2 56, &> B BE il
, (o) WHEARR B 14 7 50 15 BORE 01 1) BPINN: B JSUAA $4
TERBN, & 3R, BB E 2 754N H0N 20.
B 2) SVM: 4 [RGB 4R ) B A 120 AT 4 J2 /N AL 40 i J F X
217 — REFREARHAIE, R 5 1 A2 R 40, 48 T 1A 00 50, 4% bR K
- T F4%250.08. 3) SDA: K 3 5 /2 X 2% 45 44 24 1 024-600-
. o 200-100-10, 5 i tanh 0% B8 24, 2 31 % 99 0.05. 4) 3
0 200400 600 800 FR [20] 1 77 ¥ R B 26 91 2 50408 B0 el el Ry fiEABLA R
o) i AL 25 U4 YN L 5 447 LA BUR
2 — 1AM AR 2 DL S 2 4 A 452 )22 5) A ifE CNN: DL L 46
PR B B 1E N, KN 458 1024-¢1(128)-s1(2)-
= c2(64)-s2(2)-32-10, K F ReLU 1E N i ki £ 6) 3£+
K ! - 1 0 225 0 24 1 R B0k S P R LA ) 2 190 4 45
e 14 1024-128-64-32-10. & F¢ 1 hp T 45 2 H 48 1F il
(— GRFEAR, M AR $1 30 4E Thp- 2hp F13hp B £,
Bk A SIS 25 BB AR, I R AT SR 20 Uk, SR
(c) Ak b SRR A PR,
5 WREREEIRBIER F4 TRIEEMEIWER %
FH P 4 1] L, CNN) 7 4 5 i s 25 030 530 o ik Ihp 2hp 3hp
IS E] 7100 % BRI B S 1) i R AR R R ) 45 SRR BPNN 855415 755422 702438
e, CNN1§2) ~ CNNgz) 1 N BBl b L A P R AR B SVM 91.242.1 83.0434  80.542.5
/fzig ik [gﬁ %‘Efg R 5 Kﬁ’%u jg 100 %+ 100 % £ 98.8 % SDA 97.6+0.3 96.5+0.4 96.010.5
(7411750) HIR 5 2. SCHR [20] 73 93.5+1.2 88.3+1.5 90.5+1.5
S
B R 25 1R A AT A 2 AN I A2 4 1y, R ot | RNN 928.40.5 904406  87.6405
— I 51 CNN-HFD A% 78 43 51] 355 45 2 hp 13 hp 61 3% RNN-HFD 97.240.2 942403 913403
N AR A AT DK, W AR H s 2 B B A [F) Ab, LSTM-HFD 96.6£03 935403 90.6£03
CNN-HFD 99.64£02  983£03  97.2403

Hofh 558 R FF— 80 SLiR g RUunR 3 . R 3 1]
DL, Bl S B AN KT K, CNIN-HFD 244 fi [ 307 71 22
S R B, RIAE 3hp P R R R A R
2hp A BT T8, MR 344 7 inch A1 21 inch #f A7 5
A P, SR AR ZATI IR T LLIA £ 97.5 %o, Y
ASCEEE AT AN A 80 AR AR AR A 1L

H12 4 7] LR ), 2102 R4 4544 (1) BP-NN AT
SVM 7E R 5 & 18R IR B2 25 ] S5 K i Ho 4 R 5
A ZE B, R A 2 S BUR AR AR AL IR R T B AR
FERCK. SDA BRI 1 B AR =6, (B L B = 2L
H A 2 oA i 2, S SO A 7 2L 2R 1 S 4L
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SR 2, 10T AL (I ZR R T SCHR [20] BLAR
K 7 CNN [ I 28 46 4, {5 L0 N (10 4R 10E 4T3 S8 40 3t
TN THRHL, Bk 24 47 30k A2 AR A B 3 SRR AE A
HARGMEEEMBEENYE. B TFACRHTZ
2% A& W[5 12 W (Hierarchical fault diagnosis, HFD), f&j
17 CNNBEAY 75 B2 ) (1 MR A5 8, R0 R T4
1 CNN 5325, X6 L3 T LSTM A RNN [ [ 2 W
RUAHMER 25T CNN FIBR LA 3 S 1R B R 5
A0, A G T bR AR AL, SR A HED &5 #4 A5 A B o 7
FORTAP B

[FIBT, 9 7 AN R J5 i 43 2 48 1 7 B 2BCR, %
AR SCHE Y B R 53 B B 43 30l R FH SVML. BPNN., il
HLAR MK (Random forest, RF) F1 A 3C A % H 1) Softmax
VURR SRV Sy o 2R 2R AT SE 30, AR IE SR B 7 Ak AR 5
K3 CNN 25 F i 15— 2. Horpr SVM SR A% 1) 2 4%
BRI, T 51 TR 0h 30, 4% BR A1 4580 0.08; BE AL AR AR 1%
BB FE N 2; BPNN #1434 Fa 2, AN B 2 4f
2 JCHH 920, UL 1 hp I RE AR B0 A )1 2580 Dt
FEAR, B0 25 a3 5 Fiow.

®5 TRIERTLFLELER %o

HERY WAL AR SRR R ik
CNN+SVM 96.2 99.7 95.3 96.4
CNN+BPNN 84.3 85.6 824 88.3
CNN+RF 99.5 100 99.8 98.2
CNN+Softmax 100 100 100 98.8

B 5 7] W, R AN A S5 i 2 R 48 1 SE 56 45 SR,
K FH B AL AR AR FD Softmax 43 25 88 39 0] DLIE B4 = 1Y
P, H Softmax 732548 B A f i R 71 2.

4 & @

AR S 37 F) CNN-HFD & — Pl 2L T3 1 2 3 1)
JZ A B B2 W R, B DR 3N R D R H
CNN 38 K O RFAE 52 HURE 77, A HKEE N TR AIE 4 B
L AR, B R R 6 1R 35 5 34T WS
2) 4 Wk 12 W ABE 2R ) 43 D i e SAS 2R R g A AR
) 2 G = b, B R PR B M9 55 1 e (] ) AR
. 3) RA BRIz AR ), B 67 30 A 4k
AR SR e % CRIF L o IR B Rl 26 (R, AN 1T 5,
CNN-HFD 1 47 7E A~ /& 2 4b: CNN A B 1) d5 4 2 40
T BT DX M 4 2R SR ZE A B I R ) E
CNN-HFD 5 #r i CNN H2 S AR I ZRE 8] F230, FF 3%
EERTE e RO Uy RS SRk
HC R PR A AR, X A A TR — 2P ) B SO A 1.
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