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Fault diagnosis method for underground coal mining equipment audio signals based on

improved transfer learning
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Abstract: The underground production environment in coal mines is harsh, and key equipment such as gas
pumps, ventilators, and coal shearers often operate continuously, making them susceptible to faults. Currently,
end-to-end audio data fault diagnosis methods heavily depend on data labeling for model training and update.
Although large amounts of raw data can be collected, these data are typically unlabeled and cannot be directly
used for model training. Factors such as sudden changes in equipment operating conditions or equipment
reconfiguration may cause data distribution changes, leading to decreased model performance. To address these
issues, an underground coal mining equipment audio signal fault diagnosis method based on improved transfer

learning is proposed. First, Mel-Frequency Cepstral Coefficients (MFCC) features were extracted from the audio
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signals of coal mining equipment to capture key information about the equipment's operational status, generating a
2D fault feature coefficient map. Then, a fault diagnosis network model based on improved transfer learning was
established, using the improved Maximum Mean Discrepancy (MMD) and multi-kernel joint MMD as metrics.
The joint distribution distance was calculated using pseudo-labels, and label information was mapped through
multiple linear transformations to match features and reduce data distribution differences, achieving simultaneous
alignment of both marginal and conditional distributions. Experimental results showed that the proposed method
achieved high-accuracy fault diagnosis under unlabeled conditions, with an accuracy rate of 96.99% and a
standard deviation of 0.014. In model noise resistance experiments, the fault diagnosis model based on improved

transfer learning maintained 80% diagnostic accuracy under low signal-to-noise ratio conditions (e.g., 10 dB),

demonstrating strong noise robustness.

Key words: underground coal mining equipment; audio signal; fault diagnosis; transfer learning; Mel-

frequency cepstral coefficients; MFCC; maximum mean discrepancy; multi-kernel Joint maximum mean

discrepancy; source domain; target domain
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Fig. 1 Cross-domain fault diagnosis principle

1.2 MFCC

E B 2 W ) B 3 45 {5 5 9 2 B IR B g
PR T B AE AL B0 IE, e G A I S A 4 i il LA
AR I A B, O MR — b RE S A AUL T S 4
P HA BORHT MR BE 1 AR ISR U7 % . MFCC 25
B N W 58 BRAL ] 55 18 A= L], BE % A3 A%
T BTG G M 7 O 4R I S 4 35 URRAE . MFCC ¢
F 1 0 95 X S 0 5 A 5 BE AT 23 WURU I i 2
FRAE, X TIUAL R A Kb AT PR 1 HL AR e AR
HORE 83, T G 2 21 U A% X B R 1 2R AT IR BT
T X BORE B, 1R B R 52 A A R MFCC

FE™.

MFCC i i Mel 5 B4R A AT 4 L, Mel 475
TR A AR L MR PE SR A 0GR, Mel S 3258 K
B A L PE L i 45 MFCC AR T HoAth 35 SRR AF 2 A
BSRAHTMRARE T

Mel(f) = 2 595lg(1 + £/700 Hz) (»
o Mel(f) 2 Mel $3R; AR,
1.3 Btk KM £ 7%

25 a5 A2 W [t v 5N R O o0 A 1
TEAAAE 22 5, PRI 2R A RS A0 AE B An a1 E 00 1]
RIALE, P, 75 2 — MR a5 R0 & 198/ 5
6] 5345 22 S 0 7 v o B R PME 22 5 (Maximum Mean
Discrepancy, MMD) J& — i 5 H B9 3F #% 2% > 3 i 7
2, i B N R oA 25 S i AR SRR B, SE A
[EREAE 43 A5 X 5% o LAES BOBCBR 2 W [n) @b D, DA
5], MMD

M*(D,,D) =‘s|up||Ex~~a (¢ ()] = Evp [¢ (]I, =
Plir<1

1 ng 1 n
n—g;wxi)—;;ﬂx;)

o LM h D, DA IREAR S5 (], < 1
55 BR B I T AR A R O T A T 1
Ev [ )R E,_p, [¢ ()53 DRI DAEFS R AR
23 1] H P, ()M T2 P e 5T R K, o5 BICHE B
0 25 I 56 300 75 A A1 A 25 ) s 10, W A R AT
1 n 1 n
HUICRE SR A WL B WA CAPY
D DA R AR A5 T H P A
e F 85 % R 0K JEE B 5 1 I 5 0 85 4 25
RS [A) 88 A 5 MMD
k(x°,x') =exp (—
S k() W BT A% PR o R
SE 7 A% B B A I BSOS 2 1 A 4 e g
XA HE K

(2)

2
H

xs—x‘||2/20'2) 3

2

M? (D, D) =

1 ng 1 n

20— (%)
S =1 j=1

1 ng ng 1 n n

FZZk(xf,xj)ﬁLn—tz >, k()

MMD J2 3 T 5 — A% AL e 1, 16 52 Pr gl 4550
HR A T A A% 2 e o AT R O e S A ) 4 s
(], 520 BT 1R BE , 22 A% fie K 3% {H 25 5= (Multi-kernel



© 94 . I AL

%51 %

Maximum Mean Discrepency, MKMMD) if i £ ™ #%
MR AR A%, ) w D%k, (u=1,2, .,
m, m A% 0 HO B8 AR T s 4E 23 ] ) A A
i K.

Ké{kziﬁuku:iﬁuzl,ﬂt,ZO,Vu} (5)

K B, AL AL S 55, 0 P26 B 22 4% k2 M
—s

S A AN FIR, 28k, G 5L T+ MMD Ay
SRR, DTS B AR B BRI A% R

FH TS Y () 45 T2 v BBCH R 1 REAE 7R R0 LT 1
BN ST HIR A, MMD X 243 1T i PR A 1Y
XF 55, ARMEARAFA 5 B 73 A1 A OC 10 B2 i S5, 23K
TSGR B R AR B R . RS HAE N
NVl b L N T T A A A R A = o N <]
SR, 38 A TR A H AR SR AR bR A X AR
ARRAE 1 26 FR 22 S ok S B ] 0 A X 5 . BT Lk
i, i A R34 2% 5 (Multi-kernel Joint
Maximum Mean Discrepency, MKIMMD), H: 3k h

Az(Ds, Dl) :% i i k(Z?g, Zj[)k(z’;f‘ ,Zj,[‘ ) +

S =1 j=1
1 nooon
et
L3S ) -
n 1 j=1
j=
s n

k(L 2)k(z029) 6

i J

A 20 2050 50 0 Db O 5 AR SO
{Es 27, 2000500 Oh DR = B8 i A RIS j A4S B0 1E
2, 2 o R DR CE B HS A S A O E
2, 2GR D C R SR § ARG AR
MKJIMMD [A] i % & T REAS B FRFAIE 25 18] F A5 45
75 [, 36 3k o 5 dak 8] 340 5 7 A F0 2% A 53 A DT C 42 e
3 A1 A2 8] SR ¥ 23 A, MKIMMD R HAE 33 25 A
i, AR A bR B SRR, A R AR ) 2R AR AS 5 15 R

BE

2 ETH#HIBFEINET HATREENESH
FEiSHT77 k&

TESE R T 00 R AL I, R 1 4 64 3 431 5 Bl
HA AR B REAE 3 A, A AR b 5 SR s FE AR A
B ARAE o AR LA R, AR SO R T T S
o BB R B 5 LS S SOEs Wi ik, il
BT R B 1O 265 45 R R G e R, S BTRECRTR 2
FUARI A GRS, LASR i B S0 02 T 110 v Al 14
2.1 EBBERLEH

KT HRICAT I B M R AIE ) — 2 1 T 5T 3R W],
RS At S [ 5 2 27 3 A 4 HU = ¢
PR B, A [R] ek 2 18] (9 5 A 22 5 3 2R BRAE ST 7S A 1
BEJZE A BETIZ B, M T R A >
O I B A T RIS WAL, A0 18] 2 B, H
T YIRS AR A, VO HARBR BN AR, v, kIR
BRI SARAS

B2 BTt RS 7 ST RO I T B i o i i2 W

Fig. 2 Underground coal mining equipment audio signal fault diagnosis model based on improved transfer learning
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Fig. 3 Underground coal mining equipment audio signal fault

diagnosis process based on improved transfer learning
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Table 2 Dataset of underground coal mining equipment audio

signals for cross-domain learning tasks
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Fig. 5 Variation trends of model loss under variable

parameter settings
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Table 5 Diagnosis accuracy of different models
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