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Transmission Tower Bolt-Fastening Detection Based on Gated Recurrent Unit Network
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Abstract: The bolt-fastening detection of transmission towers is critical to the safety of high-voltage power grids.
Traditional detection methods are often risky it needs manual detection high on t‘!r,ansmission towers. What’s more, UAV
detection fails to live up to our expectation affected by multiple external factors. Therefore, this study proposes a bolt-
fastening detection method for transmission towers based, on Gat‘edrRecurrent Unit (GRU) networks. Specifically, the
vibration sensor and sensor analyzer are used to construct a work flow for collecting acoustic wave data of transmission
towers, and then the Linear Predicti_ve‘Cepstrél Coefficients (LPCCs) of acoustic wave data in training samples are
extracted to form feature vectors. The classification model of GRU networks is trained to predict unknown fastened
acoustic wave sample‘s. As a result, this method is practical. The application of this algorithm can avoid the much
manpower of traditional ones and is superior to them in bolt-fastening detection of transmission towers.

Key words: acoustic data collection; linear prediction cepstral coefficient; Gated Recurrent Unit (GRU) network

1 &g AL T SR A ZORBORB R, BURFRRT] . L AL
BB LA 2R, NRAEFAKT I, &t aXt He s SRR R 2 0 F IR 2 e e B R, WA R SR I R

O HEETH: HEARRBIAIES (61773166)
Foundation item: National Natural Science Foundation of China (61773166)
AR 5 : 2020-07-29; &SR ] : 2020-08-26; SR AN H]: 2020-09-01; csa 7ELK i []: 2021-03-30

Research and Development it 78 & 277

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/7845.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.007845
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2021 4F #5304 541

BRERIRHTZ, raM 22 4 5 )t — B k. s 4E ke B4k
R b A% Ol 55 BT —, AE D it L R 2 4
SR SCHER LM % 4 1a AT 5 07 R E T ERIEH,
it VA B vy P 8] 3z A A A6 vt 82 RS 7 AP 0 v 9 ) 22 4
BAT R R SO E. ik is B ik T

B b, OB W] SE I BAEC R B 2R ) s
7. HRTH B R G an e AT IS B TR AL T
AT, BT DL 5 5 M B8 AL A [B] (R M3 A 44 ) 1) A,
B AT 3 e 2 4 MR A i P R e ) B A
i, — B Bk e, o B M v e H Y 22 A
it M DAE B 45 2% BT B, E BER T P AT 3 B
R AN A EE . E R, R R R A 2 M U
FEEE Nk A, KRR 1 is ke R0R, 58 A )
IF TR RSCAR ;A 200 4 36 e M AE A5 Il 77 = 1% 77 =X
TRAR 85 A, T EL A A1 F PRI 1 g b 12 7
WX 5 F i, 32 TR b Bk B iR A
BRI JT , TR Do n] & A I 4 v 2k %
BRARAA BN DL, 3 — 2 9 e s 4R 12 1 T B
FRIURFAE 2 202 1 5 W0 A, — MO 9 A
[ ) V8 25 PR AT 55 RO A [ B RFAE $2 U7 3%, W] BA3RAS
AN TE M R ()18 B R AE 2 8, AR LI E B U0 R AE
SRR : LTI 73 #7 (Linear Prediction Coefficients,
LPO)', BANZE M il 2 3L (Perceptual Linear Predictive,
PLP)*. Tandem 4#4L"! #1 Bottleneck 451", FET )&
P PELH Y Foank 454E (Filterbank)™. £k T 5] £
¥ (Linear Predictive Cepstral Coefficient, LPCC)*, #

IRAZ AR 2250 (Mel Frequency Cepstrum Coefficient,. |

MFCC)!" &, A SR F 10 /2 SR B0 75 30 5 O 2 1 Tl
{213 22 $0 (Linear Predictive Cepstraleoefﬁcien{, LPCC),
He o 7E TE AR B SR RS JE I 2 T O3
LPC 73 525 M BUMAR YL, Tl 35405145k 18 LPCC.
LPCC E5 (MBS R ERE, < EH+2
MBI R HOAT AR L IR I R R, P DA AT DA R
P AR 4 ) 1 R

B 5K 75 U R AR 1R 4 S, — A G (1) U AR A
AREREBREAY, AR EMRE OTW. BER
AT RAER (HMM)!, N T4 45 452 8 (ANN)!
T R A Y (Gaussian Mixture Models) 45 & & 5 /R
A RARA (HMM) 15 2] ) GMM-HMM R0 2 [t 2%
R A M 2% (Deep Neural Network)!! iz, J 4555

278 W7t JF K Research and Development

MAELMEfE /) 2tz it DA A% 48 (018 5 R i B Y,
M FARPZE M 2% (Convolutional Nerual Network, CNN)!'!
FR) H L BE i Ak P — 2 BLA S ABA ) &% 5 g ) il . (EL T
TRPZ% . CNNL R #1Ed R ek [ e K BEAE o
N, I EHARATTIRAE B AL 208 A B e 1), ABATTHR 1 e LL G
2 M % (Recurrent Neural Network, RNN)! 22
PR PR ey RiER N e i NG ol VO (E P X (B2 S L2
26 RNN JCiE AR 7 Ak B 7e R 25 40t 0] /80 3 2 HE RGP
PN IS ) L, T K S 212 00 4% (Long Short-Term
Memory, LSTM)!"®) o145 b J At (1 540 1 2 R 2 2
JG (Gated Recurrent Uﬁit, GRU‘)[”] X 28 #1 0] DAFR L iX
W i 5, S {7 PR LSTIML 1 24 110 R I S 45 5L 58 1
RIBf A 1 g R M B

FT LA B, RSO — Bl T TR IE A 800
0 £3% 1) i P AT B R K R I D7 V2, T S R AR B AT
SRS AN 343 BT SO AT B8 A7 Wi e >R S i ds, o 4
CRAE 1) 75 % 25040 (1) LPCC RFAE A4 SRR AE m) 5, 1)
2T 73251 (Gated Recurrent Unit, GRU) #5543k
ST T A R EDIR A A . £E A SRAS s o, 3R
fITad I SE A IS UE T B2 H 07V I A R R 1Y) 43 R P
R, i 5 HAh s> R AT A S8, IR T
FRATTHE HA 1 77 32 A R W v 12

2 Bk B
271 1 B R ph 7 AT RN % 4

FetR AR 30 R0 AN AR, I B AU 1.
21 EETRGLIE

T TR P A SRR R AR SRR, 9 T I B R
S P KR (5 B A T M5 B, BT GRU
MR 2 ST R [RLAR 25 BOREAR 1090, 2 SO B4 75
35 B AT 75 AL B b B 2 7 2 3 0 7
WelE B HATTUNE . . A AR, Bk
SR, FUAL H T LA e 7 10— A S B,
— IR T P AE S A B, T RS (2 B
S B T P4, LA 45 7 7 A S 3
ST o, Al 5 A 70 1125 58 b SR A48, e
A R T AT A 43 4T B0 7538 B AT, S TN R
58 ) P 0 D 8 SR AT 75 A 5 0 R AL B 7E
HEAT TR TG, 75 A3 2 AT A0, T SR 1, 4
I A4 3 0 IR V0 BB 7 B .
AR T RS S, S S RET

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

2021 4F 55304 543

http://www.c-s-a.org.cn

i H AR SN A

ANFEIN PR S, WL LR BRI AR TR T eR A
DUWI B R B, DU T B eR o, DUYT B AR LE T AP A
T R K T 7 9 it ) A R A, A LA
P AR A P P [T IF, R A% 6 S A it B 1 i) R
PAAS SR P DU 6 7 3847 5 BEAT 0 B 54, A3 3k
WA BeAE . S A I ) H AR BB X 0 O 75 A5 5
HR R BT 5 B, T AE 7S S S R IR B I
A2 b, BEMCsTER I 5, 52 R 5 1A
RO, P — i ORI A A R R
el ] B A A B,

TS T T
WIGFEAR WA
(Fa3h)
TR 2 l
(&) )
] FRAESREL
A 20
(Fa3h) bree
l FEPBCRA TN
FRHESREL
TR
LFCC (CEilyNzi))
GRU 8 1)I| 5

1 Sk v

A4 TR 5 (19 75 B U 2 A D
R AR & Doy VI ZEEASL N = 20, F T
% GRU KL 3oft, R4 A o I 1 = 40 2K 00
0, 6t 7R A o S b 3,
2.2 REN)IZK

BT VIR AR, 75 0 KO 7 G 4R, 4R
F& LPCC 2 M T (51 2% 00 PR A o . %
AMIZEREASER LPCC HHAE, B4 AR JIA 8
SR AT T . AL S R
G5 T B L T 2 B LPC; T3 8 55 4 51
SRR AP WU R B, B L A, 79 12 B
LPCC TR £, 1 05— AR (0I5 24 IR

&, Hor i FORE | MIZRFEAS. Horb £ THSAT H Matlab
A Python 1 & T HAR5E B, BARGFREAIE 2 Fros.

WA RS
=
v
v Ul
v
W(n) —>] ik
v
EREPSN
v
LPC 4t
v
LPC ZHi#

!

LPC fi 3 RE(LPCC)

v
i R o

K 2 LPCC FFEFREFE

FE X 7 A S AT AL FE 2 )5, HEAT I 145108
RHIEM 4 (GRU) 2255, GRU 4% 2 LSTM K
i A2 0 25 1 — b 2 Ak I 4%, e i 5 R A7 01 31 v
ffs 5, R & pE I‘Eﬂﬁﬁi%ﬁétﬁilﬁﬁu!;?ﬁvﬂWﬁa‘%ffﬁ
FoR, I HL AT LS AR RNIN T 14 I &b T 37 B 85 44K 4
) 2, [ 4 e st RN 065 238 & ) 4, GRU
o 2 R T LS T 20 R F BRF ST 45 1) 5 7 .
FEE TR 5 5E %N, GRU ] B4 (4 288,
LA R 2 v T — LR G 70 K8 1 SVML KNN,
Naive Bayes. DT %%. @& 3 ffi7w, B J6fR 1k F & f,F
N GRU M N, £33 GRU $oc/5 R4, HiEd
SEREZ A Softmax 2, &M KR 2 1=,

i NARFHE GRU Eeca Lk
M b [ e > Softmax k?ﬁi%

K3 GRU JIgkid e
RSO FH B FEAS I GRU W 4% 45 K9 78 AN R -4
—A~ GRU #.7o, FrfkE 1A & f;/F 8 GRU BITiH N,
WA — I ) b,y € RY B HOIR 25 A0 24 5T I8 i) 38, 1
SRS AE R, IR T —Br BN, Hod d v
H A 4E . GRU W 4% = BR8] (update

Research and Development fif 72 7 & 279

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2021 4F 55304 4

gate)z, M & ] (reset gate)r;. B H7 [ Jz, /&K LSTM ¥
Ze A ON T TRE 5T ) & 0F, A B T4l 42 i s
KR R, € ST A HAC 2R AT 2 24 51 2045
Sa BEndued 26205 Bt s, 8T
PRI P H5HE v AT R ARG 2R, R E DT BT PR AN
FERSEII A2 A, XA R &k 1
Be {5 B AR N T TR IR 30 s i)t B AT R RR B
ZHAET, RES RAE KA H 05 B, BN BER [A]
T8 R B A 5 FONAS A R T B . W, W, W 23 il xof
EAH R AL F R X N ¢ AN TR R S N Tm) &, B
BINFB X ISR ¢ 508 hy R 24T TR % e B stk
A, heoy BRAFIRE BT — NI B 25 =1 BROBUIRES, b R4
IS 1) 25 F 42 BRUBUIR 25, GRU 4% 1 BE IR 25 AT | 4

FARER: o,
Zi =0 Wz [h-1,X:]) . (1)
ry = U'(Wr : [ht—l,XtJ) (2)
hy = tan}_l(WF [r; *ht—l,Xt]) 3)
hy=(1=Z) % hyy +Zy %l )

Ao, [ ] RPN ) A E 4, * 3R 8B o 2= A 7.
oF 7~ Sigmoid PREL

[ T4 A6 24 L0 AN 23 Bl IS 18] 177 36 B DART RS B, &
SR A SCIE BRI R T — Ao, Btk e R H
e IS JE T 38 S 1A FEE Y 2K ] R

FEXT GRU M E IR AR, B GRU Bl
JCHIEE numHiddem = 30, 73 22508 0&= numClass = 2,
FRE4ESEL D = 24, S RKIERIREL maxEpoch = 40, LK
/N miniBatchS ize = 512, L FEFEALES R % (SGD) &
TRHEAT A, 100K bR BOE B2 O 1 K. B I IR A R
BEAT IR, B — VI A L 1T ) A% 8 1538 U B K,
St/ F RS, FEE R i SRR SR, Jss
32 GRU /) 2eH5 7, $ "

’ »

3 SeE AT
3.1 HERERSH

S TR AR OB R ok B L A F S ek
B WA 080, DL 3 RE s F R B B T A
e G5 He) 5 S bR e b . RIS AR R, B R A SE
RS A, LI SefERRIE A L AR AR HEAL 4R 3D,
SR G AR B0 0], 308 3o oo W A A K T I 4 R 50 T
AKA B IR BB EL, TR WA B RA SRS
AR 4 s, BARNOP BRaT.

280 MW7t JF & Research and Development

R ey RS i

(SR § (CEpIS SuK -

1) AR B AL e 58 2B PE BB R SR L, B B
BRIEOHEZS 1 m AL,

mﬁﬁﬁ#ﬁﬁ\ﬁ%&&<ﬂ?%@ﬁ¢ﬁﬁ
BB, (" \%

3) LD [ 2 e SR A Bk . A1
HERE A9 5 R MR C, A R 1 4 R R % o
AR e A

4) A B B A I LR 0 [ 2 B 1 02
B 1A, RO I S0TE SOABIE A E R ARED — K, i
SEUTTIRCHE: WAZh 2 MR, R A0 G7E SO AR |
SWORARED— U, 0T H R R R R AL 1 A
B, PR IR BLTE AR S MOk AR R — K, i
WS A,

ST I W TSR I 5. 7T DU SR A g b
W W H e R, TTRAZ W M R [E B S,
S AL E T B Ay S 0 N KL 4.

1560 1558

1555 2 1556
g &
£ 1550 “ “" ! =
= fé 1554
= 1545 ;
E E 1552
1550
1535
2 3 4 5 6 0 1 2 3 4 5 6
104 x10¢
R (Hz) R (Hz)
(a) KABIFEDIL (b) FABIFEI2

1559 1560

1558 |

1558

£ 1557 £
= 1556
& 1556 H
& &

i 1555 [N 1554 |

1554
1552

1558,0 05 1.0 15 20 25 3.0 35 4.
x10*

TRENIE (Hz)
(o) AKRZNFEBIL

K5 FEARBIEE
BEAh, SEIG I A T REARE BT, sl 6 Bk,
AR S50 URFAE R AT 2 5.
SIS B B AR BN 12 [ LPCC HRRAIE, 1X
RO AL 22 SRR AR, Y125 GRU A8 6 AR A
HBEAT I

0.0 05 1.0 1.5 2.0 2.5 3.0 3.5 40 45
x10%

0
BN (Hz)
(d) AHRBIFERI2

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20214F 55304 43

http://www.c-s-a.org.cn

i H AR SN A

14 000 12 000
10000 -
10 000 s000 L
] &
g 6000 F
6000
4000 -
2000 2000 -
0
1535 1540 1545 1550 1555 1560 1549 1551 1553 1555 1557
T (nm) T (nm)
(a) DRI (b) FABEEGI2
14000 16 000
12000 |
10000 b 12000 -
% 8000 | o0l
“E 6000 - o
4000 f 4000 L
2000 |
o " L 0
1553 1554 1555 1556 1557 1558 1559 1551 1553 1555 1557 1559
B (nm) BE{EL (nm)
(c) ARFABENFEHI (d) AFRBIFEHI2

Ko FASHA

B, A SO0 3 AA FRRAEBEAT SRIR RRLE, B 3¢

TURRIE . GEiFHE AT LPCCAREMEAM X, K] GRU
IREERARLEAT IR T, 154 SR A0 25 51
32 ksl f

ASZERXT 10 ANFFEEHEAT B R AR, BRI 4 A
B E, A HAE T R AR BB AR IR S T & 10 1K,
75 30 B 8 A0 b2 2 75 I O 43 0 D 400 20, BE B H
600 2504 FAE VI A 78, 200 415080 T, s26
MR 5 WK, WP 3545 FAE AR 45 .l ik % iR R4
(B AT U2, X EE I GRU F1 4 Fh 2y 2825 1 1
Be, BN KNN. Naive Bayes. SVM. DT 7% PLK
HoAt 4 PP %%: DNN. RNN. LSTM #HAT LU, szgerh
K H bootstrap FfATLIMAFFE ¥ 5 12 30 UEAH G T HAR AR Y,
VI ZRBERY e 1, I PP SRR IR n=5. S50 Ll 45 R

W% 1 FR, 7T UIFE 5] GRU BEA LAl 3 Ailsy g

TR 2250 v, [ A v Aff 3 A, 1 1 oA 4‘7?43%%‘, Tk H
LPCC HiE4E5 £ GRU HIRRIISE 5HAE] 94.54%.

1 A R

T R 2R.(%)
KNNE! 73.43
Naive Bayes™™ 78.53
svM™®! 83.56
DT™ 84.32
LPCC+DNN 82.67
LPCC+RNN 83.93
LPCC+LSTM 89.64
W IEHFE+GRU 85.79
SHHFIE+GRU 87.12
LPCC+GRU 94.54

33 MKER

iR s 5 BE R K A LPCC+GRU J5 VAR I 2L
SRS, AN SR e 7 i AT B AN T R A (R
A GEAT A X L, He g gk 2 fioR. nf UG H, AR
JIT £ H RO R 00 77 v, ARG KRS FE B v v LLIB 3] 98.43%,
AR TT 2] 89.39%. 3£ 2 W LLE H, A 0 A M iR A A
o ST A A2 A B ARG N 26 S vy, AHAT SR A LUK, X A
JEHE A N 2R B ARG, I DR DA A Bl ST 6 T M A 7 S A
L SR AR R, TOIR AR B SRR S (AT AT AL E,
S R AT T L)ﬁli?iﬂ“ﬁiﬁ!ﬂéﬁ%*éﬂ%ﬁi&.

5
NG 2L YR NI oR I ECES

AEPFERE o B RS RIRE AR A MR A BIEE(%)
SR -y g 98.43
FeFE FA3) FA3) 95.12

AHAR LA | B[ 97.85

AHAR LA VNG| Fazh 93.12

Xf fi A A B[] 93.39

X i EEA LNZI] A% 89.39

4 dw5EYE

2SS i L R A % A T — e, 523
T Rl T 115 R R TT 24 (6 T ES A X
W7 5. 8 e, SRR 3044 e B8 R M T SO 2538
T R AR, AR50 SR AR TR 2 A
P M 6 955 431 45 3 4 1k UL 3K LPC, i J5 28 3ot 5]
BT SR DU CRE T (511% R4 LPCC. B,
SR PRI %o AR 5 IR 5 73 2HS T 1 14 47 B s 1) 24
[ GRU, % o4 HUIR 25 H A 3047 S [ 15 75 0 K ).
SR 5 R, GRU ¥4 K T M 52 75 T AR A B
G 88, AR SCHR 107 395 T LA 0 P E 7 R B ok
B % RS L

SE Rk

TKIRIE, IEE, BB, BT LPC 4T 118 & FRE S 20t

F L FLAE B TE N IR A 0 2 . R S L A B A, 2005,

28(6): 1-6.

2 BRI, B EE, m SR, AR R TR BRI R I
Rl R e M TR R A 7 2R, 2012, 37(6): 667—
672.

3 Zheng X, Wu ZY, Shen BB, et al. Investigation of tandem

—_

deep belief network approach for phoneme recognition. 2013

IEEE International Conference on Acoustics, Speech and

Research and Development ff 7 & 281

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

2021 4F #5304 541

W

N

o]

el

10

1

—_

12

13

14

Signal Processing. Vancouver, BC, Canada. 2013.7586 —
7590.

£, 8O, )5, 25 55 T IR B 40 4 W 45 Fl Bottleneck 4F
FERI S N IR R GE. TR 24 (H R B2, 2016,
56(11): 1143-1148.

A R R A 2 I 2 7 v SCTR R AR e R SR [
2L S ] BT AEAASE R, 2015.

AW, gk AR, T MFCC FI LPCC 1) 366 AU, 1
EHL TS, 2009, 30(5): 1189-1191.

Han W, Chan CF, Choy CS, et al. An efficient MFCC
2006 IEEE
International Symposium on Circuits and Systems. Island of
Kos, Greece. 2006. 4.

Gersho A, Cuperman V. Vector quantization: A pattern-
IEEE

extraction method in speech recognition.

matching  technique  for  speech  coding.
Communications Magazine, 1999, 21(9): 15-21.

XA, #R3e2, HUEE, & 5T DTW I35 Sl A0 it
T ) R . R IR ) 5 K TR A2, 2005, 18(1):
50-54. g

NG, JH A, 7, A 0 R R e (1 — R A 1
R BFRAEAL. 1T 2540, 2002, 30(1): 46-48.

RERE, SR, JH B SR, BT HMM 54 4% (1 75 224
RIWETE. RITR 54 (HAARFHERR), 2006, 45(1): 44-46.
Swietojanski P, Ghoshal A, Renals S. Revisiting hybrid and
GMM-HMM IEEE
International Conference on Acoustics, Speech and Signal
Processing. Vancouver, BC, Canada. 2013. 6744-6748.
Hinton G, Deng L, Yu D, et al. Deep neural networks for

system combination techniques.

acoustic modeling in speech recognition: The shared views of
four research groups. IEEE Signal Processing Magazine,
2012, 29(6): 82-97. [doi: 10.1109/MSP.2012.2205597]

Masci J, Meier U, Ciresan D, et al. Steel defect classification. |

with max-pooling convolutional neural networks. The 2012
International Joint Conference on Neural Networks (IJCNN).

s
X

282 i FH K& Research and Development

17

20

21

22

23

24

2012. 1-6.

YiJY, Ni H, Wen ZQ, et al. Improving BLSTM RNN based
Mandarin speech recognition using accent dependent
2016  Asia-Pacific
Information Processing Association Annual Summit and
Conference (APSIPA). Jeju, Republic of Korea. 2016. 1-5.
Yi YY, Wen ZQ, Tao JH, et al. CTC regularized model

adaptation for Improving LSTM RNN based multi-accent

bottleneck  features. Signal and

Mandarin speech recognition. Journal of Signal Processing
Systems, 2017, 90(7): 985-997. '

Ravanelli M, Brakel P, Omologo M, Iet al. Light gated
recurrent units for speech recognition. IEEE Transactions on
Emerging Topics.in Computational Intelligence, 2018, 2(2):
92-102. [doi: 10.1109/TETCI.2017.2762739]

FohEE, F . HE TR B8 -LPCC 11E & FHAE IS V2
W, HHEHL ST T, 2011, 40(11): 79-80, 127.
HGEH, B, XSRAT, &, 15 b s I B 07 TS, R4t
15 B 2A4R, 2005, 17(8): 1974-1976.

Li Q, Zheng JS, Tsai A, et al. Robust endpoint detection and
energy normalization for real-time speech and speaker
recognition. IEEE Transactions on Speech and Audio
Processing, 2002, 10(3): 146—157. [doi: 10.1109/TSA.2002.
1001979]

Hastie T, Tibshirani R. Discriminant adaptive nearest
neighbor classification. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 1%96;I 18(6): 607-616.
Rish I. An empirical study of the naive Bayes classifier.
1JCAI 2001 Werkshop on Empirical Methods in Artificial
Intelligence. New. York, NY, USA. 2001. 41-46.

Cortes. C,” Vapnik V. Support-vector networks. Machine
Lea'rning, 1995, 20(3): 273-297.

Egsm, R, KA, 5T 2 R B DT 59%
AR, THEHL LIRS R, 2004, 40(18): 83-84, 143.

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1109/MSP.2012.2205597
http://dx.doi.org/10.1109/TETCI.2017.2762739
http://dx.doi.org/10.1109/TSA.2002.1001979
http://dx.doi.org/10.1109/TSA.2002.1001979
http://dx.doi.org/10.1109/MSP.2012.2205597
http://dx.doi.org/10.1109/TETCI.2017.2762739
http://dx.doi.org/10.1109/TSA.2002.1001979
http://dx.doi.org/10.1109/TSA.2002.1001979
http://dx.doi.org/10.1109/MSP.2012.2205597
http://dx.doi.org/10.1109/MSP.2012.2205597
http://dx.doi.org/10.1109/TETCI.2017.2762739
http://dx.doi.org/10.1109/TSA.2002.1001979
http://dx.doi.org/10.1109/TSA.2002.1001979
http://dx.doi.org/10.1109/TETCI.2017.2762739
http://dx.doi.org/10.1109/TSA.2002.1001979
http://dx.doi.org/10.1109/TSA.2002.1001979
http://www.c-s-a.org.cn

	1 简介
	2 算法
	2.1 声波预处理
	2.2 模型训练

	3 实验分析
	3.1 数据采集及分析
	3.2 对比实验
	3.3 测试结果

	4 结论与展望

