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Fig. 1 Schematic diagram of separated network model architecture
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Table 1 Network model structure of acoustic separation model

Width Dilation Filters/
Layer
Time Freq Time Freq Nodes
CNNI1 1 7 1 1 64
CNN2 7 1 1 1 64
CNN3 5 5 1 1 64
CNN4 5 5 2 1 64
CNNS5 5 5 4 1 64
CNN6 5 5 8 1 64
CNN7 5 5 16 1 8
CNN8 1 1 1 1 8
LSTM - - - - 400
FC1 - - - - 600
FC2 - - - - 600

T AT AT A i ) 2% A58 Ty 8 = A A
MR 1 JZ BRI IC M2 M 2 2 Z 3t
[Fil Fg B 9. 5 A5 R 11 I 45 TR R CNIN
LSTM DA K FC1 2R F Mish #3564, FC2 2k
Sigmoid ¥ K & 78 S5 — 2 1R Al Sigmoid
I BRBOE R 1 it (O 1) IXCTR] A A $48 A5 R G T

2 M CNN-LSTM Fig S EENHaE

FE 2t CNN-LSTM 75 {5 73 B A 70 g 7 o i 2L
TR BT P rp B I8 00 P 3 P 0 Y
P P o T SRR T A R A R BN B . H R
DA 5/ B9 45 55 o RSCAEL - 325 81 B8 Jon o 14 00 45 2R i
R3S T 1 2 I 25 B A 5 110 25 2R A58 3 e
PR o S B B P R R 0 S 0 R A T 2% O 1Y
25 TP SO A Y (4 BB B R R P R A
A R I T W) A ) 265 A5 TR Y W RE . AT
Lrbrtls m] DA H S 2555 BRI RO 7 S AR TR R 2% )
RS R S B 2 R TR X E R S 2 B AT Bt
DT fof 45 o 225 ) 4% 33000 B o o A
2.1 HMKEH
Bl =~ 45 2 o B A 2 A Bt I 265 464
LML RS HARE Z [ B3R 22 75 0k
BT I A 2 O 245 S Y gl R R SR L DA T ol L
UL S A ) T A RE  [R] IR 2R R I B
i AT P RE RO 7. A P SR RE I 5 1 s AR
P UCHEA TR BB 20 B AR I 45 R R R S 1Y A T
i e P I LS R () AN — EORR B [
W0 265 455 0 7 Y1 Zoid A v BT 5 dee /NG R H A ek R
W 3 BB P 9 3 b T 9 249 07 5% 22 R 80 (Mean

H

B O K

574

N

\,



5% 2 3

ARETAF : H TR IR R 3l 7 BRI E L Oy v T 5 « 153 -

Square Error) . % At H 45 W 3% 19 35 J7 12 25 R B
(Power-Law Compression Loss) L /¢ Scale invari-
ant Signal-to-Noise Ratio(Si-SNR) pgEAE #5125 2R
B, I AR N FE.

Y177 1R 28 2 — ik 1 R BT BE 1 451 2K 6K B AL
D g g5 1 22 24 A5t HA 5 15 1 5 HAk Ak
A R A B RR R R i O 2 HOG T L A R Tl
PR T R SRR o6 P 2 B A 1R 22 E R B
R R A L A ) T BR BSOS TR 8 T 18 2% pR Rk
12 1 FH T 1 2 I 245 1 451 2K BRER

MSE = 237 v, — f(a)y: (D)
i=1

P Y 8 258 o AR R R B b S
S FE IR @ AR AR T N P 1) 265 A5 7 it ) 4%
n AR MRV SR A 1 5K
i U 4 I ARG 1Y) 1 5 1R 25 R BN T
L= I1S:} G, Ol = 1S’ GO 54
ASEF G =Sl (e O (2)
Mo, S R B A M BE L 0. 3 Ry k48 BT 46 R K.
SI-SNR #& ) J& A 2 52 BIMFE 5 28 16 5% ) 1 15
Fb, — Mk it SI-SNR F1 SDR #6525 W0 45 5 & 7] 43
B IR PN F8 5. SI-SNR (18 LA -
SI—SNRZIOlogm% (3)

S s = TS B S BB 5

BRE S+ e =5 Sureer» SESNRGE T X 2% (5 5 Fl
HAn 55 17 9 E 0 — e b 3, i 0 T 0.
2.2 FEGHANEEER

TE TR R AE (Y8 BRI U i op L P SR Y
R 36 PR R A 75 IBCRRIE 1Y 4 IBORT L A B 4 R e
AE W A ROCR . Sy 4 e M A8 L e B 3 1Y) A A
RERY 2 G H S, H . A Sl 3 i Al ] A R A 4
d-vector A  ResNet34 #5781 D) & &5 1) ECAPA-
TDNN #5815 I, A8 BF 58 4 36 B b 3 = A S0 A
RUEAT IR A S BT Fl L 55

d-vector i 75 S AL B R 28 358 2 )72 DNN 25 44 5
B L )Z LSTM it 28 [0 45 25 ¥4 20 B i) » 75 A5 B e
L) ZEERES — )22 R h 2 %
B 382 1Y) B35 J2 & dropout 2 0.5, H AYLE Tk
/Do )R A B B o DA B 25 TU AR ER 4 i ek 22 2 X

AN TR P e AT 53 2 S A N 25 B 2 R4
J2 B B Ja — A AR R R AE ) i H T S SO A
KRR T2 AR E R B T M SR W
KT —& TAER&.

ResNet34 #5581 2% | BasicaBlock %% 22 5 2H i
1), BasicaBlock % 22 HR B K AN K 2 .

64-d

3X3, 64
ReL U B %L

3X3, 64

N
\J

N
ReL U BREL

&l 2 BasicBlock %% 22 iR & Kl

Fig. 2 Schematic diagram of BasicBlock residual block
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network architecture model
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Intelligent Monitoring Methods for Power Machinery

Failures Based on Acoustic Wave Characteristics

Xiaoyu Hao Junling Hou Hong Zuo Qun Li Yanming Zhang
(State Key Laboratory for Strength and Vibration of Mechanical Structures, School of Aerospace Engineering .

Xi’an Jiaotong University, Xi’an, 710049)

Abstract This paper proposes an intelligent monitoring method for power machinery failures based on
acoustic wave characteristics, which involves the construction of an improvedconvolutional neural network
(CNN) and long short-term memory (LSTM) model. From an implementation perspective, the proposed
method consists of three key steps: the development of an intrinsic acoustic wave database related to a me-
chanical equipment failure, the execution of intelligent failure monitoring, and the creation of a visual oper-
ation interface. Specifically, when a mechanical failure occurs, acoustic wave data containing information
about the failure is collected and processed. The fast Fourier transform (FFT) is employed to extract the
acoustic wave characteristics associated with equipment failures. A comprehensive database of these char-
acteristics is compiled from various equipment failures, such as fan blade damage and pump body leakage,
and stored as a failure eigen acoustic wave database. Then, during the intelligent monitoring of specific
mechanical equipment failures, the intrinsic acoustic wave database acquired from these failures serves as
an embedded feature for extracting and outputting the corresponding failure’s acoustic wave fragments.
This process enables the identification of the failure type and facilitates accurate early warning regarding
potential equipment failures. Furthermore, a visual operational interface has been developed based on an
improved CNN-LSTM neural network model, which allows for straightforward and precise intelligent mo-
nitoring of mechanical failures. This intelligent monitoring approach, grounded in the characteristics of a-
coustic waves, offers several advantages, including low cost, ease of deployment, and high identification
efficiency. These attributes make it particularly well-suited for applications in complex operational environ-
ments within power machinery systems across various industries, including aerospace and nuclear power.

Key words acoustic characteristics, intelligent monitoring, convolutional neural network (CNN),

long short-term memory (LSTM), visual operational interface





