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Fault identification of multi-feature boiler tube acoustic signal
based on deep residual shrinkage network

YANG Zhengli, WU Fuyun, CHEN Haixia
(School of Mechanical and Electrical Engineering, Sanjiang University, Nanjing 210012, China)

Abstract: To improve the learning effect and recognition accuracy in fault identification of boiler tube acoustic signals,
different information fusion mechanisms were used in this study. Specifically, feature vector parallelism and splicing
techniques are used to form the feature layer, while the decision layer is formed using average and maximum score ap-
proaches. A fault identification method of multifeature boiler tube acoustic signal based on a deep residual shrinkage
network is proposed. First, the first-order and second-order differential characteristics of the acoustic signal spectrum
were calculated separately, considering the variations of acoustic wave sensors on the boiler tube. This process con-
structs a three-channel feature set, which serves as the input feature vector of the two-dimensional network. Sub-
sequently, an attentional mechanism is introduced to construct a baseline model using a combination of a convolutional
neural network and a bidirectional short and long memory network. Additionally, a deep residual shrinkage network is
used to optimize the allocation of channel weights within the two-dimensional network to improve the fault identifica-
tion accuracy of the model. Extensive experimental results show that: it is a more effective strategy to construct the in-
formation fusion mechanism of the feature layer by using feature vector parallel fusion; compared with the baseline
model, the unweighted average recall rate has increased by 4.32%, highlighting significant improvements in the recogni-
tion accuracy of the model presented in this paper.

Keywords: deep learning; fault identification; deep residual shrinkage network; bidirectional short and long memory

network; attention mechanism; convolutional neural network; boiler tube; acoustic signal

I #5 HH#E: 2022-07-11. M 4% H AR H 3 : 2023-05-04.

EL TR ITHA 5 L AFREIES T E9UH (0KIB470029), PR B B R R S AR A
SE{E 15 : 1 1E 1. E-mail: Zhengli-yang@163.com. Tk« e HOIR AR TR AR v e AR T R I, AR i

© (HRERSAR) SR MU 4


https://doi.org/10.11992/tis.202207012
mailto:Zhengli-yang@163.com

* 1109 -

IR B, S5 TR 5K 22 WSO I 2% 1) 22 RRAIE B A A 7 AR R U

% 53]

SELE DA 1 220 7 DA BRI 3 1 7 i
155 FUWT 6 o 45 e 0 kAt gl ke F AT,
WA 1) 3 R AR 75 AR S 1 E AR, A
P A R A S R

FH I A AR AE G R D B AR AR R BE B
i, 4% BEH 42 Jmy R Jmy S RFAE, AT D 3E 3o £ B I
FEAAN fig 5 Y B KAE L B/ IME L P I K& 2%
P e A P RO AR o PR U AR IR A A L R A
FEOEFNE] 8RR, 32 2 R e 75 A5 5 A R 1 1y
%5 . BOU-GHAZALE % pymf e % i, 83k
FRIEAE U5 AR S A L EL R S A 2
WA, Hsiao 261 3 b 42 U A5 5 i 3
Wi, R RE A M R R AR S R B (Mel-fre-
quency cepstral coefficient, MFCC) %541k, Ff 118
Hor 2z CPHME B KAE . /ML B 4kl e
RS RE B v  E  RRAE SE SR S SR H R BE IR 2R
P 25 X 4% (deep recurrent neural network, DRNN) &
RIE FAU-Aibo F045 48 19 R In BT 34 4 AR (un-
weighted average recall, UAR) $£ T 9.3%; Han
AU e 7 R | AR I | U LSRR
PR 16 4E 5 A5 S RPIE 1) 5, HrbAl 9 4 R 7
FIERERRAE, J5 7 4528 7 SIS REAE, 38 T —Fh LT
TS TR B A R AT B A e B JR 5 1 2D )
BT 0 KRR Al G O vk, A TR R S
T30 2R FEHES R | BB DA MFCC 454
fiE, 7£ IEMO-CAP 4l i Af R JE A B8 2
(unweighted average precision, UAP) $2 5 3| 73.1%,
AR SRR I 3R AR AR XA SR 1 AR LR GS TE,
P75 AT PR RV RRAE S A B 224 2%, R T 75 3
55 FRAE A 2B, 18 BB i RO i AN =
A3 4y R 75 A5 5 1 Z AR 5T, XF 2 A
PR AR R TR [R5 SR e A 5 BLR G, 480 T
B REIE A A5, DT B 52 2 F TR RS B

ITAESR, B2 M 2% (convolutional neural
network, CNN) 14 #1212 M 2% (long short-term
memory, LSTM) D) H 5 &5 1R IR B 7E 7 15 5
FRAE IR A Tz s T 4
W gE it — 22 R W, 72X A EAZ (bidirection-
al long short-term memory, BLSTM) % 4% 15[ A 7
AL B B L R A A S R A R,
H L 1) BT 2/~ (5 5 4 1k 5 H T
J5 7 WAE T Z [ B A G, SR H BLSTM W 4% fig
515 B 5 5 7R 0T A b A HOBURRAE ; 2) 2 T B
B A5 5 il SRR A5 5 5 IR W55 Z B 5 B
fiE 22 5, 5L A JIHLE], 140 sk B {5 5 76 RRAE
5L AU A

TR IS 7 DR S IOBR S R G b, T
7 I AL R 22 TR R R A S AR AR 25
P o N T RRAR AN AR 22 55 X0 il R 1 1) A 52 ), A
T BN PR AR 5 T 2540 A BRS FEAE S 2D-CNN,
3D-CNN [ 4% ) i A RRAE 48, 32 THEE R Y R 51 A
B, B0, Gao 257 i 1k 144 4 % 15 5 MFCC &
B —Br 25y . W 2200 R G S R S A )
Mk 3D-CNN-LSTM [0 45 45 50 i fiff o] 4% A 75
) UAR 1 IEMCAP Fl EMO-DB %4 % |43 i3k
H| 7 64.57% F183.15%. Sohaib 2" i i 14
B F T B /R FRAE (Log-Mel) B9 — B . — B
22 VE G S RIS A B 2t 7Y 2D-CNN-LSTM
O 245 A5 700 v | fRfF ) 245 A5 980 R - A 7 YR AR SR SEZ 46 A
FEF K 7 PR ST S0 1 R RS 56 R AE IEMOCAP
B 4y 1A 5] 90.02% F1 53.21%, Gupta 2
W TR S 5 Log-Mel ) —By . B 224344
i 3D-Log-Mel %4 45 i A ] 3D-CNN-LSTM
EERERY (T8 35 15 5 R ) ME B R AE IEMCAP
F1 EMO-DB %4l 2 I 43 5135 21 60.89% Fi1 86.07%
IR SCHR BT IR O OB F A R T 25 o AL B S A
FI| Z2 38 38 45 B 45 AR, H 1B X 4% 3 3 1
TEf AACE AT . P AR5 A AR [ B 25 40 %
T 1 DX BE S AR RS A R A, A B X 245 A5 Y
A 07 12 A P 3 T 45388 T8 A0 B EE, A T 412 A TR
PR B

VR 5% 22 i 46 X 2% (deep residual shrinkage
networks, DRSN) 51 A T 1 & J1 ML Hl F1H R E pR
o 7EPERK R B E AR AR R, B N
FEFRRAE 22 2 i B UE BRI (5 5, 1R A MG 4%
TE B 2 2T RO, BF USR8 4 4 1 L5 5 R AE
o3 e B KA, 11 R AN 3 245 5 R AR B A
AL A DRSN Xt A A5 5 10 4 AACE #1704k
SYTC, $8 R AR A BURRE 1 AR, B
AR SR BIRE

1 ¥R 7 R T iR BURAE

PRI A T R T R A B A e LR
Jrv 2R i EL Y 4 i R A SIS R e A A DU A
A A, BRI B A
A A, TR 0 7 AR S A A
U 3E R SR PP U R AR AR P T R AR DR A 3
L1 FEiEESHEEE

1) BRI RE SR o AN RIS TR A4 B e o A8 7 e
R RE AL AN AE TR A o i AR 45 5 A0 R s
O UAVE NS AR IEZ — S E SR
{x(m)}, & ST PR 35 J N BE o



518 % B OB A

S 1 <1110 »

E, = Zx(i)h(n— i) = X(n) * h(n)
b = iy’
s wn) Ry 5 PRI, T AR T 1 sl T BH 14 555 h(n)
SR BN R 5 R A AR
2) BT R . AR AT REE R
KR 5 WAL, T 75 A5 5 BA57 s 18] Py
88 AR A 17 O ] FH e S 247 i B (B ML R s

N-1
M, =" x| 2)

3) SEREIEAER . 1 10 3 PR
L R R S DTS

(M

zﬁégmmmmﬂ@mWﬂﬂ )

AR, B b A R AR S 0y AR 4
A3 v RN AR ) e B ek R A2, AT DA R 3R B 75 iR
T MRBNE O, BT LLREAE M X 75 I A7 5 R AR
Z—

12 FEiRES BT

P BAET BB FRAE XS Eﬁ%ﬂ:lﬁﬁl_%
0, k< fm=1)

2(k—f(m—1))

%Eﬁl‘ﬂ:?ﬁ‘f@&%%?ﬂ?o EEFEAEH FH MFCC .,

P B3 % 48] 3% 22 %L (linear frequency cepstral coeffi-
cient, LFCC) ., £& 1 T 2] 1% 2 %X (linear predictive
cepstral coefficient, LPCC) 2k £ 7= .

1) MFCC., MFCC FJ A 8 R AL 75 47 5 1y 3
PRGN . 76 A5 5w iR ) 45, MFCC E 4
R A 7 AE B ) iz s s, s
WA 5 1 MFCC 19T R B AN T

(DR FH 155 0008 U 2% X 75 A7 5 2k
DB R AT o i = A O

H =1-uz"' @)
@#’ B R 25 ms, BB A 10 ms X5
FHEAT 4y BOAL R, O 45 4% B s AR 5 i

AT AL 3,

WAR 5
A 5

@)X 4573 B e A5 5 HEAT 8 Bt AR 45, I3
A0y BRI AR 5 I BE R A

X = Y xe v,

(@R I IR RUBE = A8 U8 P e %) BE B A1
Ab B

0<k<N (5)

H, (k) =

(fm+1) = f(m=1D)(f(m) = f(m=1)))’
2(f(m+1)—k)

fm=1)<k< f(m)
(6)

(f(m+1) = fim—1D)(f(m) - f(m—1)))’

0, k> fom+l)
OB = A U8 B AR X BCRE =, R X
MELRE F AT B FUAR 54 AR 4, A5 21 5 MFCC
EY ¢

s(m) = ln(z |Xa(k)|2Hm(k)], osmsM (7)
k=0

N-1

Cn) = [Z s(m)cos(mt(mT_O'S))), n=1,2,--.L

" ®)
2)LFCC, LFCC it id 5 MFCC MR, H&

U8 U 2 AL T AR T A IR AR AR A T 43 A
3) LPCC. LPCC & &M 100 73 B 7 i 4k 45

[kl A REAIDREIN Y G e 7 o By 1
R FHLAE T 4347 7 645 30 43 B AR 5
(At s AL, ]I
H(z) = ,,G ©)
Za,z
Q75 W7 5 B U LR
U(z) = E@)G(z) = A, ! (10)

-z (1 —e<T:-1)?
€Y SN NG It P I )

fmy<k< fm+1)

P

s(n) = Z a,s(n—k)+Gu(n)

=1

(11)

@ H B s
i th S $(n), HoS(mf
Bk 3R, B

Sny=a s(n—1)+a,s(n=2)+---+a,s(n—p)
i an,a,a, N EEL FROTENETIN R0

G MIifii, LPCC A R K

0, n<0
InG, n=0

W AT 5 155 n A SR A A B Y
% F 12 BE R A5 5 1 1 p A58

(12)

n—1
k
c(n) = a, + 1(Z)C(k)a,,k, O<n<p (13)

n—1

k=

Z (E) (k)an /3] n >p
n

KI5 R

2 HEREF

HgEn

TE CNN F1 BLSTM [ & A5 U KL Rt |-, 5] A TE
BT, 38 3 R A0 AR S AR, BT
B AR PR A B LAY, an &l 1 TR

A A AG 7

2.1



e 1111~

IR B, S5 TR 5K 22 WSO I 2% 1) 22 RRAIE B A A 7 AR R U

% 53]

e N V N\ V-
LSTM - LSTM > LSTM > LSTM -3 LSTM
B J \\( }> BLSTM
S( N N N\ e
LSTM )= LSTM )= \LSTM ) \LSTM j=- LSTM ) b %l
\/ \\/4 \\/4 \ 4 \ 4
CNN CNN CNN CNN CNN
EHE BRI SHAE SRR EHE BRI SHAE SRR HE CNNAR

Bl 1 CNN-BLSTM #ZI45#
Fig.1 Structure of CNN-BLSTM

1) CNN BERL 508, B 75 I A5 5 i B A AR AR
BARZENE N 1D-CNN [ 48 % A, 1D-CNN [ 4%
WE 2 MERE, BRI KN R 5, Boa e L 128,
LK1, B0 BRECR B ReLU, 3 B it b /N3
Ak 5 A3 AL Z s ARG, TR A S
FEAE Y — B . B 22 5348 1 3 438 38 19 £ 4 A 1F
J7 2D-CNN A% A ; 2D-CNN 48 1% & 3 > H
2, BRI KRNG5 R 5x5,5%5, 3x3, i X
9128, 20K 1, O pR AR ] ReLU . B2 AL
KK 2x2 By 3 N ALZ

2) BLSTM 8, Y 74 I 5 5 A5 5 FRAE
5HFT G ARG P RREAE BB OC . Fr LLTE
SO PRFE AR5 P HN AT, 5 2R F WIS i) BLSTM
W 2% AT L S5 P AN 7 1) 43 0l % 7 A 5 iR AT Ak
., FTLL, BLSTM W) 4% 7 ek ZI 1) B s bR 285 4
£ |

h, = [flt;iz,] (14)

K 1: k= L(x,, h,_)3%77% BLSTM 4% %1 1] {542 i
AT Ab B o1 220 14 EROIR A5 H 285 585 by = Lx b))
F/n BLSTM W45 X I [l 5 5 647 A BRAE b 20 1Y)
BRI R EE fF o — o IR AETI . S5 W,

BLSTM [ 4% 1) fie 2% ek )2 i 1T s 0

H = (hy,hy,-- ,hy) (15)

K H e R ON R AE 5 1070 Bo g d 2 BLSTM
o) 244 i+ e 2 BRURRJZ 1 /N o

3) WEE SIHLE . B BLSTM W) 48 i Hi i) B &
W 2 1 Sk 1 2 1 ML A A BT 5

e; = tanh(th[ + b[) (16)
a; = exp(e)] ) exp(e) (17
= ah, (18)

s o AL T 25 A RS AR 5 1AL
55 b A RO AR S IS B e
7E CNN A RUIE Al A 51 A T T = L

1) BLSTM &% . 33 & 1 WL Y 3= 24 & A 3
43 B A A (AL, XA B R AR AE 1 R A
SOABUER R IAEE . B T B T R IE S
PR | 5 Y R 7 L TR BURE | T UG W R A7 R
PRSP RA . EESIILE BEE i A 5T
A AR U AR T A SRR SRR G S
FEIE B i B AR | RS WA E . JF
FEAR K AR Lot e bl a7 2] op i B 5 B
22 EERE

A SCRT R W5 B Rl G =48 255 A Rl AL 1
B, IR B AN [ A Y ] B AR Hh sk 4 Y, R
A 2 Bl Rk SR 2 R A T

FRAIE 2 Al B 2 48 B B A A 4y i A A B 24~
TR 24 2 W 2515 5| Z A BEYERFAE 0] &, 24 F%
HERFAE ) 8 B A5 B — AN RRAE ) SR T, A RE
TIE ) 5 FEAT FURRAE 1) B PFEZ AP 7 5o RRAE 1) it
FEAT e 22 [R) 4 1 R A0E 1) 2 2R A7 38 A5 2T 1)
[Fi) 24 R AIF [ 2, BT R AIE ) 2 1 4 B0 1, (H
AN T B — 4 ) Y RRAEAS B R AE 1] DR
e 22 R 2 BE AN [R) 4 B 19 4R 0F o) ot £ BX R 9%
T A5 0BT 09 R AIE 1) 8, B0 R AIE 1) S 14 2k 50
{H A — 4 ) 2 O RRAE AR B A

PR 2 Rl S 48 SR AR EOT TEX 2R
25 PUNSE SR TRL G . AR W 2% 1 U 45
R Z TAVA TPk ST, U8 SR — i FH — A~ F 3
KRR, B WL PR Rl A 7 SR X 2 A TR
WK FEME . RS
23 REKREWHEME

TEVR B 5% 25 W 28 v g | FH ARSI E A AR S A 2tk
JZ o BRBAE A 0 AR [ 2 38 2 15 5 3 1) U8 e
55 M s AT IR o AE R R B 2 X 4% Sl 1 v
K A AL F4 HE DRSN, 45 57 Do 45 A5 0 S 25 Mg 45 4
ol 2 2 B B 2 S ROR RIS B . Hx Ron
AFRAE 10 &, FHy 2R 7m i th RRAE 1) &, T3R8 —



518 % B OB A

S 1 <1112 -

A IES RO, BT R0 45 B0 Hh A R T RT3
RN

X-T, X>T
y=4 0, —-t<x<r7 (19)
xX+1, X<-T
2R ] {0 A 1 %o e A S BBCA 1 B0 I, B
9 1, x>1
2_lo —r<x<r 20)
Ox 1, x<-1
A7 155 23 B AL 35 M SR B T
R N A S )

B 22 A~ HAG A [R) 8 8 (R %) 7 2 AL 4 5 e 3
173 Ik B DRSN, @&l 2 frs .

CxWx1 /
L

4‘ BN,ReLU,Conv (K=C)

CxWx1 /
f

{ BN,ReLU,Conv (K=C)

WX e, 4

R

FC (M=C)

Cx1x1
BN,ReLU,FC (K=C)
Cx1x1

1I.~ CxWx1

Sigmoid
Cx1x1

{

CxWx1 /
L

B 2 EEM B E AR
Fig.2 Residual shrinkage building unit with channel-wise
thresholds

[ 2 r Y ) 38 T8 2 0 B — S ST B AL, B
DAAE B DRSN (1% 8- 5% 22 WA 155 Bk SRR Sy 189 {2 ~7.
U5 22 W 45 AL He (residual shrinkage building unit
with channel-wise thresholds, RSBU-CW), i i1 X
RRAE 7] 2 P Rg— S JT R A XHEL, I ] 42 )R
By A T3 R R AE ) S S Ry — > — 4 ] A
— AT A 2K R, D A T Y 4 1Y
5 R P2 TS TR ACRRAE WS A R AR
I T A H, A 3 0 2% 1 i A 4 TE (0,1) ZTH],
HMS BRI N

1

e +e= @0
s 2 3R 5 el B i R AL 5 o 3R 2 ol i
iKY Ve
o o3t 3 1 B AR A O
T = 0o fuverge | Xise] (22)

K RN F el JH A 5 X, RR FRAE ) 3 X 50
o5 G = I N & 1 1= LY 77y T () EO A = 3 3 <

F 458 38 B E A FEAS B B 0YRRIE S N
i, BT LA DRSN X & M (5 5 b B[R] e HAT R 4T
R o UG T MR N, 22 2]
YR )5 P AR ) B E AR F H2 T 0, DT R {8 1k
XTI G B L P AN 2 i AN Rsgm . AR SCi a1
W AE T IS RRAE, IR — B 25 0 B B 2253
JE A5 3 3 AN B RRAEECE AR, TR 4 4%
Z i, FH DRSN 15 21 £5 38 1 i 4 AR E . £k
I IERE RS, B S PR S IR A S R R
A5 ST 3 A, T AR A VIR AR AR 5
AE X 38 T8 A R AT R R, DT A B LA Sy T A
FUE ) CNN, $2 A A U380 o
24 DRSN SH{EREGHEE

i b A8 R AT S RN R 48 R ] DRSN
Z AR Al R A (DRSN with multi-feature fusion,
DRSN-MF), iz R4 & — > —4E XN 4% (1D-CNN-
BLSTM-attention) Fl— /> —4E® 2% (2D-CNN-
BLSTM-attention); Wi~ £ 45l # 5 | A & 1L
il 71 Dropout J2 o 1% Sy ML ) 3 BAE 2 8 i
P 5 A O AT T WA R i AR S R
SRR s Dropout )2 9 3= B4R FH A S A i &
At A, TRz LR T, fE—E R E b
RFBNE N R R . e e — K £ T —
AYE R, AR R FH X — 4 3 S0 BB AR BB 19 2 08
B o AR B AR IR S — e 4%
FIHTA 5 7 AR 5 IO TS RRAEAE Sy — 4 9 45 () s A
FEH A B ZHE M ZE AT, 1 ST AR S IS RRE
B — B A B 2245, AR 3 30 38 RRAE B 4, FE
1+ DRSN XiF 4k W 25 (1) 3 ™38 18 A R A7 A HL
B, fe o PR R IR B 2 i A B —4E %% . MFCC,
LFCC 1 LPCC ¥4k i F 7 =Xy A B0 -

AN RV ZE Y R R B AR 20— A sl 4R B
2 ) W 2%, Ho g b 25 SR R X N ) R 4 R AE )
o TEFRE)Z RS T, BEYEARRE 0] 5 R FH IR T R0
P LTS B G SR 2EEE MR A,
gy 1 45 SRR ] Softmax BR BN 75 % 15 5 #E4TIR
B, WE 3(a) BiR . TERRIZRLA H, BEERRIE
Bl g el i e 2 2, PR Softmax bR R
FI) A S R L RRAE 1 23 ST A5 43, e Je R SR P
I A KAE AR B A B0 A 7 0 9 i IR
AEEH, El 3(b) FiR .

A CHEE T CNN AR TR 7 A1 £ By T 1) PG 3
A1 BLSTM 7} [A] % 22 I B3R A %, # CNN
BLSTM #7474 75 3] CNN-BLSTM # A ] T4



* 1113 -

IR B, S5 TR 5K 22 WSO I 2% 1) 22 RRAIE B A A 7 AR R U

53

A P AR S R TR, R L R A8 BRI E
A5 5 AR, 3 A5 Ak 1 R AR, 9 X

] 14 25 B9 A7 0 sV A i p UM P, e B oA
B R U R

]

L]

PR S RA ¥
JELIN gt MFCC, LFCC, LPCC,
HIHURFAE JEIPP IR [MFCC —B & | |LFCC —Bir K| |LPCC —Ki K
; ; . IR | | B sy B
S At MFCC. LFCC. LPCC, ! ! !
PR | [MFCC —FJ%| |LFCC —Fi k| |LPCC —F k% | DRSN |
pliipue = —Br2Esy — By By . ] !QQ:
] ! B g
l | E 5
- -
onv 1D [z Rl £ £
X = F 3
= = = =
S 2 5 5
5 b= [72] 7]
b5 b5 — —
g g [Aenion |3 :
= =
= = @] @]
z g [Dropou |2 2
[Aienion |3 2 o — S
Z % e MFCC LFCC LPCC
[ Dropout_|& 2 WEAERSE | | WRUERRE FELERFE WELEEHIE
— (]
i ¥ { { { 1
e MFCC LPCC [ rc | [ Fc | | Fc | | FC |
P AT BEAEREAE WA AR R AT I I I I
| ' i ' | Softmax | | Softmax | | Softmax | | Softmax |
i
| HER ! * ' *
| Concatenate | |  Add  [! g I MFCC LFCC LPCC
ok = T4 T4 T4
: FEHEAS Sy FEER 53 FEER 53 RIS 5y
— |
1 z 4 1
Softmax | Maximum | | Average | i %ﬁf
S
=S| B )
(a) FFAEZ RS (b) K JZ Rl

3 DRSN-MF £#E
Fig. 3 DRSN-MF structure

3 OEASLE KR T

31 WP EREESERERABIES

PEPRC LAY Gy b A8 7R U B S IRE RS
HEEAE A SR IR IR S I AR B R A . A
AR RO 4 2 5 — 5 00 BOHE 0 1 L HE S Ak B, Ot
12 600 7558, WiHL 2 MAM AR B 24
PR R RIS B AR KR RS A
SR | O PR A T U R B, DA R TR i R
BEdE . B 4R R AR A 16 kHz, SR H 16 bit 11k,
3.2 BREIR AKX EITMIEIR

B A TR A S R R — N LR R 2
AT S5, PR TR IR 1Y S S bR A R R
K G IR MFAED, W F—A> R,
LR AFEAS T DL A3 R IEAE A A A 5 5L 70 g
AR AT 43k 4 PGB 1) B BHPET,, B A0 45

FSE PR FEAS X D9 IEREAS 5 2) {0 FH A Fe, BP0 25
RN IEREAS, SEBRFEAR N OREAS 5 3) HFAPETN, B
T 45 5 R0 52 BRAEAS 32 S SRR ;5 4) (BB Py,

RIFIN 45 2R R SAREAS, SEBREEAS N IEREA
1) HER R o AR AR T 25 R I A Y i S

SR FEAS I HEAH
:& (23)
Tp+Tn+Fp+Fy
2) KEHA A RG0S5 B AE A B S B A
IEFEA RO A9 LU
R= 17 (24)
Tp+ Fy

3) AR, A 1] Ay 5 R A K S Ay
TR 25 5 TE AR A RO B9 LU B

Te

T Tt Fy

(25)



LERCE B OB A

S 1 <1114 -

4y Fil, PR BT S8R UL T 48,
LR A, A S (8 2 o (0 7 1
PRI PRI v, 7 S 0 7 [
LR — MO R S M SRR R | 73 [
AT, 2K, IR AR TR N

(26)

Z AT S, TR AR 3 R A5 AR B R
RANA 1] 3 p ] 4 BA B — Pt ] S R AP, B
R=(R,Ry,"-R;,--- ,R,) (27)
P:(PI»P29”'Pia"'9Pn) (28)
K ndRR £ 5 B i ) 43 JE 2R BIEG R
Py 367 A~ 43 20 WA B SRR [ 22
XF 22 o3 A AL Ay 4 2R A B oK 1
{E A 2] 70 2825 1) UAP(R); X £ 43 ZS A A gy 14
I3 AN G A ] R T 2 (R A5 2 1Y 43 25 25 )
] UAR(P), R

(29)

33 HESHIEE

ARSI LIAEFE RS 12 18 Inter(R)Core(TM)
i5-12500H #5 H b # 25 1)) HUAWEI MateBook 14 s
847, #ET TensorFlow M @R 22 S HESE , B
RUEURCR B PP 46 R JH UAR L UAP., HES R
MFfH . #8825 ms WA 10 ms B 3 Wi A9 &
SC, o D e A A BSAI A 1) 7R AR S R0 43 B 200 ot
(4 75 U5 BB, I 2 A A 50 ) 3 R A B0 EL B8 A
4:1, Jr A S5 25 BRI 10 YO 24ME LLIH B B HL R
% WA RN 107, FHERN10°, 2%
> B AR ECH 150,
34 XWHERESW

1) 15 B Rl 5 SR S

X AR 5 1 4 R BRhG O AT S0 0,
SRR 1 PR

£1 AHESTREBMAFXZRER
Table 1 Experimental results of different information

fusion methods of acoustic signals %
e R MR HElE Pl
FHIEJZflE (Concatenate)  81.47  80.78 8021 81.34
FHIE)ZR G (Add) 8495 8520 8511 84.79
RHZRE (Average)  80.03  81.23  80.06 80.12
PORERIS (Maximun) 6425 7026 63.42  66.18

M1 B AT WL, R AR S R I RRAE )2 il
BRI LR Z RS HORCR A o X — S04
T, SR 7 AR R IR BEAT B, FEEETT 0
IR ERCA PRSI EVE U R SRS P a4 €2

G5 TERRE 2 RG0SR A7 07 M R He BF
07 I A5 SRR 2 Al A B, SR SRE3#1ME
AR R Ll R B R U, X R BRI R SR Rk
HIF XA LG L,

2) RSBU-CW M H 5 i I S 0 o

Z 1> RSBU-CW #He k17 & ht4 s DRSN, Xf
g R e iy 5 o A AR g L S e SR O AT S G 5
WE . BRI B S TERRE )2 HEAT, 4 RRAE ) 5
A IR R I T L 2§ RSBU-CW B H 4
350 1, 2.0 3 B, AR R R UAP 2050k
84.65%. 81.37%. 79.29%. H UL A UL, ¥4 i DRSN
I ) RSBU-CW ALy 1 B, A7 A 450 3SR
LA B IR A o BT AR ALK S, Rt 258
3K RSBU-CW #EH 1 & fin i, J5L P J& DRSN ##
Y ) g A RRAE B0 5 /0N, 3 2 19 RSBU-CW £
BB N BT 25 5 1 i DRSN #5800 35 40 4, (i HER
SRR A

3) AR L B S

X AR () YN Zroaod i AT S0, 1 AR AR (1Y) A
FREARRECH 100 IR, IfBR 2 YR % 22 40 %
AR, AR o oy A8 0 AT B2 T 1 3= 2 v B I 25
2o 53R B - rf R AR il e n 1 4
PR o

107
0.8 /// """"" \V/*—*
7
soer — Ik
g - P
£04;
02t/

0 10 20 30 40 50 60 70 80 90 100
EARUEL
B4 ERRBEURNREERETHHLE
Fig. 4 Model accuracy curves when the number of itera-
tions changes

P 4wy il 3R, UINGRIA 15 B i KR EE
AU Zromlt w5 b W, 33X 2 D DR R AR i dl e b
Mg FImE, S YIZRRBOE F 50 A A7, A
BT AR WAL, 3 A BR 5 2 I AR SC i Ay St g A6 2
S HA R

4) FEAS KLY IR VR AR R

Fh 27 > HE ZRAT 21 JUhR A A BBl 0 TR 9 0 2
Bl s s e IS 8ol il LU AR SO ) i
AR TR o P AR A | IV AR | A B L o AR
A B, LA T i R R £ S 2 e 1
[ 3, 3 15 FH A S i Ay A ) A8 28 3 608 A5 A% X i
APt R A i T R, - RE L s IX i U
BUAPESITE



<1115« R IE B, S5 VRBEBR 25 A5 N 45 1) 22 RRAE S v i 48 78 A 5 e 1L %5
g (092 | 006 [ 008 [0 T 002 | A SURABE A KA 6 AR S0 22 ) DRSN-MF

B oksBess i | 0.04 0.85 0.04 0.03 0.03
BRAETBE | 0.01 0.03 0.81 0.04 0.05
m IR E [ 0.04 0 0.02 0.90 0.01

Tt | 0.03 0.01 0.01 0.03 0.95

bR

R KREE mlias i Gt
B B R B W

TbREE
5 RIGHARREER
Fig.5 The confusion matrix of the original sample
5) 4 ZE R R PUN R RS L o
A SCAE CNN-BLSTM #84 iy S i B 51 A%
FIITHLHIAE Ry FE LAY, S 2 ) (Y 5 B Rl 5 75
FAEJE R R IR AT RS T RS
A% ST AL £ ) DRSN-MF #5578 () RO 80CR an 56 2.
%2 HEZKE 5 DRSN-MF #HEHQZI R 3 LE

Table2 Comparison of recognition effect between

baseline model and DRSN-MF model %
s R Kk gk Fid
FLL A 80.42 80.96 80.51 80.49
DRSN-MF 85.05 84.38 84.83 84.61

e 2 WO B s, AR SCRTAS #E1) DRSN-MF
FERILE MER R RS H MR FAE 4 D FERLR
EHI € K TR W I 5 i B B .
WEA LG A DRSN, 7EHRRE 275 B Rl &, YA
K AR AR 18] 8 947 07 SRR R R A 4, 5 H A S
ik TR 9 3 T CNNL LSTM K i 2 1 ML T i
AR B IR R AT LB 25 R A2 3 TR .

& 3 DRSN-MF & 5 H {1 %5 UAR XtLL
Table3 Comparison of UAR between DRSN_MF

and other models %
i UAR
DCNN-LSTM™ 80.47
3D ACRNN" 82.41
DCNN-DTPM"’ 80.27
CNN-LSTM"* 80.39
LSTM-self-Attention'"” 81.24
DRSN-MF 86.82

%3 PR B, DRSN i A 5032 v it
T CNN F1 LSTM TR 25 > B9 7 A 5 B 1L 1)
K FIRT, R IR 2 R AT 05 Bl A, DGR e
fik ) 18 747 7 SRR B S R A TR IR .

4 %EiE

A SCHE CNN-BLSTM A58 Y B il [ 5] A VE R
TIRUHIAE R B LB AL, #4575 A DRSN, TERHIE
JEHATR B, LA ECR AR AE ) 5 9147 5 2R
SRR RL, X5 0 P 4 P AR S AR A TR G

FUHEAT TR W) LR B0 UE, IR A SO L5 oA
SCHIR T 3R A AL HE AT X6 L, RAIE T A SO AR A
A Rk, BAT R 3 I B AN S PERE .

£ % Lk

(1] faf A8, s it 1 Sl B A BOR 2 (0], ) Pa
71,2018, 41(1): 63-66.

HE Junsong. Technical modification of automatic warn-
ing system of boiler pipe leakage[J]. Guangxi electric
power, 2018, 41(1): 63—66.

[2] OHH,JUNGJH, JEON B C, et al. Scalable and unsu-
pervised feature engineering using vibration-imaging and
deep learning for rotor system diagnosis[J]. IEEE transac-
tions on industrial electronics, 2018, 65(4): 3539-3549.

[3] BOU-GHAZALE S E, HANSEN J H L. A comparative
study of traditional and newly proposed features for re-
cognition of speech under stress[J]. IEEE transactions on
speech and audio processing, 2000, 8(4): 429-442.

[4] LAUKKA P, NEIBERG D, FORSELL M, et al. Expres-
sion of affect in spontaneous speech: acoustic correlates
and automatic detection of irritation and resignation[J].
Computer speech & language, 2011, 25(1): 84-104.

[5] HSIAO P W, CHEN C P. Effective attention mechanism
in dynamic models for speech emotion recognition[C]//
2018 IEEE International Conference on Acoustics, Speech
and Signal Processing. Calgary: IEEE, 2018: 2526—2530.

[6] LIU Ruonan, YANG Boyuan, ZIO E, et al. Artificial in-
telligence for fault diagnosis of rotating machinery: a re-
view[J]. Mechanical systems and signal processing, 2018,
108: 33-47.

[7]  HAN Zhiyan, WANG Jian. Speech emotion recognition
based on Gaussian kernel nonlinear proximal support vec-
tor machine[C]//2017 Chinese Automation Congress. Jin-
an: IEEE, 2018: 2513—-2516.

[8] LI Yifan, LIANG Xihui, LIN Jianhui, et al. Train axle
bearing fault detection using a feature selection scheme
based multi-scale morphological filter[J]. Mechanical sys-
tems and signal processing, 2018, 101: 435-448.

(9] WAGEA:, SRS, sk, 45, JE T LA AR IERR 5 TR

HE GRS [J]. REH T R4, 2021, 52(5):
769-774.
HU Desheng, ZHANG Xueying, ZHANG Jing, et al. Fea-
ture fusion based on main-auxiliary network for speech
emotion recognition[J]. Journal of Taiyuan University of
Technology, 2021, 52(5): 769-774.

[10] KIM J, SAUROUS R A. Emotion recognition from hu-
man speech using temporal information and deep learn-
ing[C]//Proc Interspeech 2018. Hyderabad: ISCA, 2018:
937-940.

[11] WIRE, fIEF, 2288, 45, 56T CNN-BLSTM ffbll it

L RAT 50 2SR 1], BRERGLA 4, 2021, 16(6):
1151-1157.
HU Kang, HE Siyu, ZUO Min, et al. Classification mod-
el for judging illegal and irregular behavior for cosmetics
based on CNN-BLSTM[J]. CAAI transactions on intelli-
gent systems, 2021, 16(6): 1151-1157.

[12] Xk, EHT, XPEH, 55 G SR FHE MR B B
GPRTTEANTE [1]. BRER G, 2022, 17(5): 886-899.


http://dx.doi.org/10.3969/j.issn.1671-8380.2018.01.018
http://dx.doi.org/10.3969/j.issn.1671-8380.2018.01.018
http://dx.doi.org/10.3969/j.issn.1671-8380.2018.01.018
http://dx.doi.org/10.3969/j.issn.1671-8380.2018.01.018
http://dx.doi.org/10.1109/TIE.2017.2752151
http://dx.doi.org/10.1109/TIE.2017.2752151
http://dx.doi.org/10.1109/TIE.2017.2752151
http://dx.doi.org/10.1109/89.848224
http://dx.doi.org/10.1109/89.848224
http://dx.doi.org/10.1016/j.ymssp.2018.02.016
http://dx.doi.org/10.1016/j.ymssp.2017.09.007
http://dx.doi.org/10.1016/j.ymssp.2017.09.007
http://dx.doi.org/10.1016/j.ymssp.2017.09.007

518 % B OB A

4t

24 - 1116 -

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

LIU Wei, WANG Xinyu, LIU Guangwei, et al. Semi-su-
pervised image classification method fused with relation-
al features[J]. CAAI transactions on intelligent systems,
2022, 17(5): 886—899.

JRHE, PN 2R, AT IE. T IR > 1 5245 43 HIBE 5T
g [J]. BRER G 2AR, 2022, 17(1): 16-31.

SU Li, SUN Yuxin, YUAN Shouzheng. A survey of in-
stance segmentation research based on deep learning[J].
CAALI transactions on intelligent systems, 2022, 17(1):
16-31.

HEAR, B A, RZEIH. BT BB & MR I IN S
R EARBETE [J]. BB R G, 2021, 16(6):
1090-1097.

HU Haihua, HAN Guojun, ZHANG Xiaoyi. Research on
flash memory channel detection technology based on con-
volutional neural network[J]. CAALI transactions on intel-
ligent systems, 2021, 16(6): 1090-1097.

T I T S e T 2 3 R ) P o B R
AR BTBEFE [D]. F AT B ATR K, 2020
PAN Guozhuang. Research on rapid monitoring of air
traffic controller’s fatigue state based on real-time emo-
tion recognition of land-air communication[D]. Nanjing:
Nanjing University of Aeronautics and Astronautics,
2020.

FARHOUDI Z, SETAYESHI S. Fusion of deep learning
features with mixture of brain emotional learning for au-
dio-visual emotion recognition[J]. Speech communica-
tion, 2021, 127: 92-103.

R, RELE, VA, S BT IR R A M 48 %2
REAE Al A 1 2 19 IR0 (0], U RS S Ak, 2022,
37(3): 542-554.

LI Ruihang, WU Honglan, SUN Youchao, et al. Speech
emotion recognition base on multi-feature fusion of deep
residual shrinkage network[J]. Journal of data acquisition
and processing, 2022, 37(3): 542-554.

DANGOL R, ALSADOON A, PRASAD P W C, et al.
Speech emotion recognition using convolutional neural
network and long-short term memory[J]. Multimedia
tools and applications, 2020, 79(43/44): 32917-32934.
W, IR, R, L BT IEE I HLE
LSTM i & 1 1 EZAFAERE#E [1]. 7524 40R, 2019,
38(4): 414-421.

HU Tingting, FENG Yaqin, SHEN Lingjie, et al. The sa-
lient feature selection by attention mechanism based
LSTM in speech emotion recognition[J]. Technical acous-
tics, 2019, 38(4): 414-421.

PR, RGN, JIKE . TR LR 24555 3D
CNN-BLSTM 1§ B & Ui [1]. HARBET R A4 (A
SRBFERR), 2022, 48(4): 534-542.

JIANG Te, CHEN Zhigang, WAN Yongjing. Multi-task
learning 3D CNN-BLSTM with attention mechanism for
speech emotion recognition[J]. Journal of East China Uni-
versity of Science and Technology(natural science edi-
tion), 2022, 48(4): 534-542.

GAO Zechai, MA Cunbao, SONG Dong, et al. Deep
quantum inspired neural network with application to air-
craft fuel system fault diagnosis[J]. Neurocomputing,
2017, 238: 13-23.

SOHAIB M, KIM C H, KIM J M. A hybrid feature mod-
el and deep-learning-based bearing fault diagnosis[J].

23]

[24]

[25]

[26]

[27]

(28]

Sensors (Basel, Switzerland), 2017, 17(12): 2876.
GUPTA A, ANJUM, GUPTA S, et al. InstaCovNet-19: A
deep learning classification model for the detection of
COVID-19 patients using Chest X-ray[J]. Applied soft
computing, 2020, 99: 1-13.

WREE, Bli . 2016 4R B2 FHEIF AL R i e pa g™
e ge it M = H1 434 [I]. B 15 REVE, 2017, 38(2):
170-175.

CHEN lJie, LU Yun. Statistics and case analysis of Shang-
hai grid plant power boiler four-tube leakages in 2016[J].
Power & energy, 2017, 38(2): 170-175.

WANG Tao, PEI Yu, XIAO Huiheng, et al. Detection of
small gas leaks based on neural networks and D-S eviden-
tial theory using ultrasonics[J]. Insight-non-destructive
testing and condition monitoring, 2014, 56(4): 189-194.
TS, EhMGEE, B, . LT ek CNN B9 T i
AR E SR (7], JEa R 244, 2020, 43(3):
38-44.

NING Fangli, HAN Pengcheng, DUAN Shuang, et al.
Identification method of valve leakage ultrasonic signal
based on improved CNNJJ]. Journal of Beijing Uni-
versity of Posts and Telecommunications, 2020, 43(3):
38-44.

ZHAO Minghang, ZHONG Shisheng, FU Xuyun, et al.
Deep residual shrinkage networks for fault diagnosis[J].
IEEE transactions on industrial informatics, 2020, 16(7):
4681-4690.

FUHREY, FRE TR BT TR BE AR 2 WAL I 26 1 HL T R
GiE AR E VA [J]. B TR 2R, 2021, 36(11):
2233-2244.

LU Jinling, GUO Luyu. Power system transient stability
assessment based on improved deep residual shrinkage
network[J]. Transactions of China electrotechnical soci-
ety, 2021, 36(11): 2233-2244.

EEE I

IR, BBz, FEMFR TN
BRARGHITHAERE WEIE. &
FFEARIBEL 63 5o

R, YR, FEZWFFE 7 10 K8
REPRIE AL MR . R AR
16 F o

WRIGER, B2, BB R
WS BAC A AR A S
H, RIFARIBI I3 R


http://dx.doi.org/10.1016/j.specom.2020.12.001
http://dx.doi.org/10.1016/j.specom.2020.12.001
http://dx.doi.org/10.1016/j.specom.2020.12.001
http://dx.doi.org/10.1016/j.neucom.2017.01.032
http://dx.doi.org/10.3390/s17122876
http://dx.doi.org/10.1784/insi.2014.56.4.189
http://dx.doi.org/10.1784/insi.2014.56.4.189
http://dx.doi.org/10.13190/j.jbupt.2019-127
http://dx.doi.org/10.13190/j.jbupt.2019-127
http://dx.doi.org/10.13190/j.jbupt.2019-127
http://dx.doi.org/10.13190/j.jbupt.2019-127
http://dx.doi.org/10.1109/TII.2019.2943898
http://dx.doi.org/10.19595/j.cnki.1000-6753.tces.200437
http://dx.doi.org/10.19595/j.cnki.1000-6753.tces.200437
http://dx.doi.org/10.19595/j.cnki.1000-6753.tces.200437
http://dx.doi.org/10.19595/j.cnki.1000-6753.tces.200437

