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Interpretable rotating machinery fault diagnosis based on data enhancement

Zhang Hao Ma Jidong
(College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150036 ,China)

Wang Hairu

Abstract: To address the challenges of sparse labels and insufficient data in mechanical fault diagnosis while enhancing
diagnostic performance and model interpretability, this paper introduces a time-frequency convolutional neural network
(TF-CNN) model embedded with time-frequency analysis. By integrating advanced data augmentation techniques with
a convolutional architecture leveraging time-frequency transformation, the model effectively extracts multi-scale, key
time-frequency features from vibration signals. The time-frequency convolutional layer combines the physical
interpretability of time-frequency analysis with the autonomous feature extraction capabilities of convolutional neural
networks, enabling precise identification of critical signal characteristics and fault diagnosis through classification
mechanisms. Experimental validation on the CWRU dataset demonstrates that the TF-CNN model achieves a
diagnostic accuracy of 99. 8% , significantly outperforming baseline methods. Additionally, frequency response analysis
confirms the model s ability to emphasize key signal frequency bands, further strengthening its physical
interpretability. By seamlessly integrating the strengths of time-frequency analysis and deep learning, the TF-CNN
model offers an innovative, efficient, and interpretable approach to industrial fault diagnosis. This work provides
valuable insights and practical guidance for advancing fault diagnosis techniques, paving the way for robust applications
in complex industrial scenarios.

Keywords: fault diagnosis;time-frequency analysis;data enhancement;frequency response analysis

0 35l

i B ML A Sy BRAR ) 3 oMb 9 G B 3 4%, o T 4 T
A FRBE P IB AT L W b R R e S R e T A A A
A R G Al AR R 1A 80 By e A e . 3 A 35 3
T AR BB AT RE G A RAMEVE G SR . N, SO e

il

W H ) .2024-12-23
* Beg T H . E R A SRR 4 W FWH (31870537 % Bl

b T 2 AL BRI o A A 22 B A % (4R e A R B
R S, Bl 2 I R R T B Y R R AR IROR
B UG A s A8 74 SN A L 3 ok X i 26 KOHE B A
AL B L AT LA 2 R T LA S RS W B4 AR DT A Bl R
9K Bl 4 53 BT O AR A ) I

005 B Sl B4 RS e LA 3 A R RO SR AR A

+ 105 -



948 & 2 F o

T # K

AE 42 BURN W 4325, L P R AF 38 U SR 2 B i A% 0 . 1%
ES IR ol = B L NI U e B RN N
et RSB A Sl 0 X AR B R A S R AT 25 M, O
e 2 A5 S B AR, AR IR 5 I N AEARRAE . b Ah, — 2Bt
FE R AL SRR IR 2 U5 vk S ML 25 I A A DU SRS
SRFESREUNAE S, Bl EBEE RIS A E A E R
B S BR 2 ST WL ik B R TR 5 W E A
B BT T I T G o o R e M L R R e AL B R £
PERIE 245 S 0T R T A AR, . b AT 9 T
T 1 5 AR U I B R ) O 58 3 A A AR R R DU fe e Y
5 B AR R B A A 22 5 3R T T B O R
B B G ke — R LR T Ak
PSP HE B R R AE L& ] R L (H X AR AR
MG EVFZ R R . w58, B8 H T 2 A XA [RS8+
ARHEAT L TR AL B, BR ] T AR 2 R AL B0 R B R i 2
TRRE . HuR, A TRRAE 42 BRURN 26 43 BE S B e, L H7E
T X Tk S A R L X —ad R A R D, R, TR R
=] S5 B B B 1 O vk B B A S B B ML RO 4E 19 A L
fif o

PEAR R, TR BE 2 2 B R AE 5 K I L 12 W R 30
P SEAT S5 R A T R L TR A I 4 5 ek o — 4
P55 I T AR LR PR B 5, RE S 7615 5 1 =) 4k 7 AiE 25 [ Hp
PEBUM AR B 8 R TG 76 P B A TR AE 48 Bt
AL TT LA g ) s Ak B R B AR S8R . il an, B, Guo
SR B B B A A 4SRN AR RN B2 o) T 5
R S . L SR DU R R A o RE SRR T A
R B AU MERE 77 . TR R %565 il 4 B 22 19 46
KT HICAZ W 2 % 2 AL RS IR B 15 S AT AR & . V5
FEAENOG B 22 Sk T R LRI ) s A s TRl s R AL R
IR FR . SR, B VR 2% S B AL RE I s 2 ) |
F A o L PR JO (o A5 A A8 1Y) o SR 5 ol L e
Bl 1 LA s T S R b S b g R T L Ak TR 2
2 S 3 T B A i B R AT S RO TR SE R R
FH PR B2 05 10 bR i B0 0 HR e R 24Tl o, B HiE
ok 1 B B AR A G K R T R B A > g A

R TR R A ) S 5 4 A O vk RS R
ZMEARRN T Iz, BE R AR T A RE £ il
GRFEAS R B A B AN R 1 ) R, g /0 b R N T A v B8
A . [ ESF o Bt 5 T Mt TR Al 20 IO 45 11 e il ke i 22 1Y
ARG DA 58 VR B 4 o 1A R R B0, Bl T
A SN A B S B BUR S A R TN B RUZ L
PEIO] R BRI . Wang VS5 SR /N A SRS 5
e BIR 2% = ML 56 A R0 B A g e b . Li DR A SN
BREBRRIRESTZHRBCE R B U ER. REX
SO —E R RN TR B 2 AR 32 W ML R
BT SRR R A v HCHE SR SR B R, L K T AN [
A5 18] B AR T2 > L 0 L) e A e 808 A g o A ] A

+ 106 -

Rk L

PRI AT 5 15 A fifk DR e AL B W B 32 e o A B
A SRBE AL 0] R R RIAR SRS AL DI ARSI T
— b T A G SR A I RS RN 4 T 0 T R R
£ B SR8 5 5 W 37 A [) A AL il 5 i A B A
AR 4G 7k B A G A BRI 4 o L Bl R G Y IR A A
B TEBCEERS b, FRATTRE mp A AR D BiAL 2R L A — A
FH T 8 B2 WA 55 1 AT R I AT 2% . 3k — 5 i AU
RO TR I B T R 0 AR 38 3 e IR AR A S S
Sif 1A Y T S A L A T e HIL AR ) R BB s AR R T — A
DISCnl A7 B k77 58 . AR SCH) EETTER N

DALV T — %L 17T #3530 5080 38 5 07 3% el b
T LR A RS AN AL RS A SCBR R E  BIL R e 12
VBT A 250 ) 5 A 1

20K AT IR R A B FRUZ P 45 A L 8 UM
ZE ZRAT R T IR B A5 5 B I IAE R B A R A 12 W
PERE

30 X YN Jeg ) T Ack B JZ2 47 90 38 0 7 5 T o it R T A
RG] b PR [R] 555 1 05 8, o 5 BUAT SR SRR R A7 X LE
S5 KA Bl S 4 R U AR R A A B A AR S N A
)2 Wi PR RE

1 B EA

1.1 B3Rk

i 43 A8 46 2 — B 1 23 A Al A AR 5 6 B[R] 3 R A 52
P A AR AR RO . I N B E B K (F S DA ) ke
S5 3 Bsf AT 8 L N T 46 7 15 5 7 B TR RN R B Y Bl 25 A b
PES L, H o, g B fE B iR AR it (short-time Fourier
transform, STEFT) &% F 09 B0 43 7 5 i 2 — Bl i 5l
AT BRI, GBS AE AN [ B[] 04 3R A5 5 76 A8 [ 03 22 1Y
RE Lo . HA R 13 A =0T .

o
S(z‘(,,f):J x (@) w(t —1t,) xe dr Q)

Horpr, » RSB RIBH OF 2224 U iy 5 R R B 5 X
—HBBIRE TR, o ARMGER . FoRE AL, fERER
BRAE R, w — ) N E DR BE 8 KR A E 2.
e P Ayl B R A ) S A RO R R

B A3 AR 8 5 25 3 A /N I AR 3 (wavelet transform,
WT) Ml Wigner-Ville 4 i ( wigner-ville distribution,
WVD) S, 3k £ 3k 3 o 2R JH A [ 1Y) 1 oA B8E A7 4 R L 3 B
FFE SRR SR ICH R, AN AR A S S S —
2 G5 TR -85 104 /N R eR BHE AT 5 B BB S R U I (B 5
1 2 RBERHE . T WVD W8 & X555 19 B AH OC ek B 47
B AR e, BRI A R R A A o0 A 8 A TR RS S
MR . R E AKX T .

W(a,b)zj‘fut) w*(‘*b)dt 2

a




OB OE LA TR IR G T AR R A AU B S

i 8 1

wip = sl g) w ) v

o |~

3
o, o ) /NI REL a Ao 43 0 4R
SERS T AR 4 S R 1 P B ek ORI T RS S
AR TR 348 5 30 At 45 35k, LA 38 7 175 5 A IS 00000 A R 1k
W1 7 A RS L4 Bl 15 5 22 7 i 2 B B e )
P AR, FL IR (B R e T 4R S s B . A4 AT RE B 4R LIS 5
Wi T A% A B 4538 8 4 I A B A T 220 ) 4003 o 1, 4 it o
FoE AR AT R A B IR P SN TR 2 3T I 4% B
A S ANLRE N [R) B 4 3K 2 2 Al A2 {5 5 B B[] 53 F 2 R 45
AR I AT DU R AR AR ARG BE . R B AR AR e
ML 188 12 T 1) R F B2 Bt i e 25 SE S P

6
4 9
w0 2
E:xd
0 9
=
] L
_4 .
_6 |-
0 0.2 04 0.6 0.8 1.0
B [)/s
(a) FRIRES
(a) Original signal
1400
1200
1 000+
£
o 800F
E G0t
400+
200 -
0F rw— "
0 100 200 300 400 500
P/ Hz
(b) F A

(b) Frequency spectrum

1 RIE T 10 00 o

Fig. 1 Spectral intensity of vibration signal
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Fig. 2 Time-frequency convolutional neural network framework
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