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S HATHE R0 AR 2 (BRI R UL AT LLIH S5 8 B2 Tk 5 5 55 f s TE s 1 Y 2 Fhig &80
2w E AR WA A R B BT AR R — A R R A ARSI 2 i I ] A AR
o R v I A U B7en = R X WA WS S em =Ny o (1 | o D S R e = RS0 Rz = A L B QR S 13
SR T B MR A R 23 R 5 (Mel-Frequency Cepstral Coefficient, MFCC) ., £& 4 5 il {8] 3% 22 % (Linear
Prediction Cepstrum Coefficient, LPCC)%, Hh MECC. LPCC ZHA R, (A 2 MERAF 2500 42
S VORI ME RS . T 5k T 0 3% 151 B0 5 ¥ BB A8 f & R R . R IR 1R S B9 B A R AR DL IR E 2R
k. g BRI AR AR S R D TR P A B PRTAR AL B O 0 SR IO 3 RURRE . SRS AT AR 2R AR
A DL B T P 0 1 U DT RIS 1 AR A X B AT A R I PN R R T R ) R R
JEFFTWEIE. A0 AR ORI EY  FRRAE RN B R AE VR B RS R AE 3 0 F v BP A2 0 45 S 4k T
IRIETT R AP IS, FH B B 3 o 4R G B Y Hou RS RRAE . SCHE AR AR FIHE 40 35 i A5 E . 6T SVM 52
BT XRG4 2. R SN T T A A S ] A SR AT AR S R (B S R AEAE . ORI SVM K
W DG RN TR .
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2 M 4% B ¥ (Neural Network Algorithm, NNA), K-iT 4B 43 25 28 (K-Nearest Neighbor Classifier,
KNNO™' | #1651 (Support Vector Machine, SVM) . #& #2244 (Convolutional Neural Network,
CNND %, W2 W4 . K- A0/ 25 o b AT A R I 2 i 75 BE R B DI GRPE AR, bAh . M Mg ik O 3T
22590 KU Fe /MBS I L T I < e 2 2T B RURS: 7 9 [R) R, SVML X 22 43 8RN R FE AR SR I, B — B e 2f o) o 7
HAEAE 24 > g S oz AL e 1 59 B2 Ak g Jioiap oI fie 159 45 R BRI . T B G I A SRR RN B4
P46 R TR A ) M — A BB LRI Tl i B o A 2 2T AR L S g A T R Bk T XA R A 2
BOHEAT ISR, IF A St 27 2] R 0 FRAE 58 B ER 1 5325

1 EF CNNHRIEELESSLER

T Google A A JF IR AT — LA 24 T HEZE R4 Tensorflow, AR SCHE T — A T2 B 245 BEAL, 78
W Bl E R o R A R XA A AT N 2. BTSN SR 2L B8 . O W1 ia Ak 8 oK 8 15 135 P AR 4 @ I %%
BRI S8 O BERL R I, H 75 3035 15 1 43 28 1 45 FR bl 28 o 2 A AL
1.1 CNN&EE KIS

CNN &8 7 N REF 2 A2 E R 2. KR a5 5 B ARG P 2 MR, il T K
BOER AN, OB ALE TEECR 3. XA B R AT B BRAE S . R Re LU WG R, X4 BB 9 i 113 1B
HEATAR LA AR 4, 36 R T maxpoolig 56 MU KM AL 1. 42 3% 52 2 R T A B0 s E0E ReLU B, A T
B LAY SRt $81A, FE 2iE 2 R AN Dropout J2. 1% B dropout_ratio Z80{E K 0.5, B A A I 2k
R EEALLL LS 50 % T SR TAECHI & 00, 2 1 F1H T CNN M Z5 1 31 S 5003k

®1 CNNHEEHSHE

o £ )22 25 ) i A JZE RN U A iRl PN LTI
HBHE1 200X 150X 3 64 1x1 1 200X 150 X 64
Ak 1 200X 150X 64 — 2X2 2 100X 75X 64
HBHZE 2 100 X 75X 64 64 1X1 1 100X 75X 64
WAk)Z 2 100X 75X 64 — 2X2 2 50 X 38X 64
HBRE 3 50 X 38 X 64 128 1x1 1 50X 38X 128
ik )2 3 50X 38X 128 — 2X2 2 25X19X128
HBR)ZE A 25X19X128 128 1X1 1 25X19X128
A2 4 25X 19X 128 — 2X2 2 13X 10X 128
HBRES 13X 10X 128 256 1x1 1 13X 10X 256
WAz 5 13X 10X 256 — 2X2 2 7X5X 256
HBHZ 6 7X5X256 256 1X1 1 7X5X 256
Hik)Z 6 7X5X256 — 2X2 2 4X3X256
HBHRZET7 4 X 3X256 256 1X1 1 4X3X256
WAz 7 4 X 3X256 — 2X2 2 2X2X 256

EEERE 1 2X2X 256 — — — 4096

ERZ 2 4096 — — — 1650

1.2 CNN#EEl g e
1.2.1 B H 41448

1) ¥£ Tensorflow R H & F 1 F H 5% Spectrogram-Final 3432 i A1l 2 — 44 N “tp-ipg” I 032, 1%
SO T AR OB RS I FEAS AR T ISR A 5] 1 iR,

2) TE Spectrogram-Final X3 o — 4 N “bmp2jpg” Bz 4T A, 7% bmp #2080 18 B &y
ipg 1 2, FFFIH resize pRBOT EIAR IEFT 46 k.
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3) 1L AT Spectrogram-Final SCAFJe Y data-util. py FUH5 . BEAGHEASHE 4% 1 50 I 25 B A0 I
. JF BB E 2 PR S R4S,

PMAS-7 PMAS-8 PMAG6-1
B1 BMailsEsE

1.2.2 ## CNN #Z#

Spectrogram-Final SCAFJ H1 ) cnn-model. py N BETTAF 1) 4 B 28 0 45 R4S, L T A 4 LRl 28 )
KBIRIAE ITEA N A, B S - DERE D M)E ST, WIS B S R, AT cnn-
model. py A, i i$ Tensorboard A] L2 F M 45465 AU 1 7R 2 A
1.2.3 9% CNN #&A

B B 28 I 2% (9 1 25 05 a3 S B A BRI 25 07 5K o 45 40 I 2 =R B AT AL B R AR I 25 3 A =X
AR ST AT SR T 2 4L S R I 2, AU 2 150 M AEAR, 340 260 Wk, 7EEARS R b, R 86
T AR SR R B ) A% 4 B 1k X AR AR 1) 2 BRI R O A HEA T 1B PR

1) Spectrogram-Final SCFIJEH ) train. py SO R 85 BRI 28 R 280 AL (31 24005, 5 data-util. py BTk
Y YR AFII RE A A B 3R & gt o iy R, Hp B i U 2 i B0 S 150 M REAS, 264K
260 AR, ARk AR — YOI — B . 45 I SRl 2% ) R Ol 0..0005, Bl 4SRN 2R, 2% ) Rk 1818
DN AT 25 SR U B, PATIZ R . B AT I 2k bk xS 46 R 20 I 2 A AR

2) Wit Spectrogram-Final SC{43¢ 119 nohup. out GPU SC{4, 1] LA 7 A5 51 1| S5 ik v ofi 10 6 114 25 Ak
T, T 2 iw, IFNO AR R 2B 0. dAh, W a] LUl id Tensorboard-logdir train. log/ iy
A B3N train. log BRI 2k H 4 F Accuracy I cross entropy FIZEfL 2, M Z P REME VG 2 B 3] Ac-
curacy Fll cross entropy M 25 Ak M.

3) Spectrogram-Final SCfFJ H1 [ checkpoint SXFIe, FI TAEBON Zhbr 9 BEAL, W] DL AT & B I )E
PRAE A R AL | 56 IF 85 Y. checkpoint 3T 4 3 o 43 & checkpoint. model 260. ckpt. data-00000-0f-00001 .
model 260. ckpt. index, model 260. ckpt. meta 4 3. checkpoint J&— AR, id 5% Tl 2kt f
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BT TR S EARERIR I 2 B, B 3 & checkpoint SCHF P IEI 9 & B ARAE BB 2 FR s 2 F. model
260. ckpt. meta 3C 4 J& LA “ protocol buffer” By #% 2 A7 fift B AL B9 25 40 I, 8 LA #2/E %5 15 .. model _
260. ckpt. data-00000-0f-00001 SCAF {577 W £ 45 ¥4 (19 A5 & {8, 17 model 260. ckpt. index 3¢ AR 4F model
260. ckpt. data-00000-0f-00001 F1 %4 Al model_260. ckpt. meta U422 [6] ) Xt W 6 2.

172 Aug 08 15: 27train .py[line:62] INFO 0. 9401

173 Aug 08 15: 27train .py[line:62] INFO 0.938436
174 Aug 08 15: 28train .py[line:62] INFO 0.9434285
175 Aug 08 15: 28train .py[line:62] INFO 0.953411
176 Aug 08 15: 29train .py[line:62] INFO 0.941764
177 Aug 08 15: 29train .py[line:62] INFO 0.933444
178 Aug 08 15: 29train .py[line:62] INFO 0.925125
178 Aug 08 15: 30train .py[line:62] INFO 0. 9401

180 Aug 08 15:
181 Aug 08 15:
182 Aug 08 15:
183 Aug 08 15:
184 Aug 08 15:
185 Aug 08 15:

30train .py[line:62] INFO 0. 93344

31train .py[line:62] INFO 0. 945091
31train .py[line:62] INFO 0. 955075
31train .py[line:62] INFO 0. 943428
32train .py[line:62] INFO 0. 936772
32train .py[line:62] INFO 0. 945091

B2 CNNERBNGIEPEBENZLERLREE

model checkpoint path:"model 260.ckpt"

all model checkpoint paths: "model 80.ckpt"
all model checkpoint paths: "model 100.ckpt
all model checkpoint paths: "model 120.ckpt
all model checkpoint paths: "model 140.ckpt
all model checkpoint paths: "model 160.ckpt
all model checkpoint paths: "model 180.ckpt
all model checkpoint paths: "model 200.ckpt
all model checkpoint paths: "model 240.ckpt
all model checkpoint paths: "model 260.ckpt

B3 dET TR ELRENERZRRIEE

2 ETF CNN BEKIEIMLIRIEIEE S ELE

BT U1 G5 0 25 R 28 T 5 A TR i g S 0 A 0 5 0T IR 28 0T 3 5 T A3 S ME A R Y S ), DT A B 4
TR 2 W S BRLE Y S5 ESEOETS . BE M 4 W 4 5 R HL(SVM) . BP #28 [ 45 4 T %t
FES2 86, USRS L (T A AN b, 35X CNN LT SVM., BP #2045 4 J5L IR R 47 20 17
2.1 HIE&E

S E WS AT BAAE 2 B A8 22 B S K G BIR BRIV S B AR SR S I R AE T 1 650 AN KB AR
SCITE SRR, BEEAN 2B 2, BN 8, ST E] 52 800 AR i IS 1) i . 38 o fE B AR 4
AREIX 52 800 518 5 kR B ik ], TB AR SO AR AR
2.2 ZBEMITFMIRE

FER S rh YA A B — 5K % 2 B 2 I T . s B 26 ) X R A AR 2SR AT . D B
RIS E R R IER. [z, TR E8 Xz E S B o R R K AR A BB A 2 W 4, B A UfE
T RAE 2 48 B PP 8 A, LA R 3 KB IR TR 15 43 2 1 e A VA 0. R R 1 e (A S S R &
Do 251 RE ) PEA i b T LI o 45 B b 8 R 2 5 4% G2 43 28 S i AT 40 S ASCR B LA, AT LT R A R b £ ) %
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PERERIOL 5. SE50 1 70 R AERG R E LN

e e
sk = T % 100%

2.3 CNN B9k £ 36

TG B IS MR S8, DL RTEANR] S 2] . ANRIREA LB A TR S00E sRACT B L SE s,
U, AT RIS 3 5 B 2 R 2 B R (438 2 B4 T BT B9 CNIN B RL, ) 35 K8 RS 1) 18 3% 1 2 45 1
i, FFSEG A IERIEAT AT, AT AT LA CNN 9 #: BESE 17 50 15

WK T PRST ) T 5 {5 5 ISR PRSI R 44 100 Hz, HUBIE, WSS N . way #2023 & 1Y
RBCH 1024, EEMKE 512, BRKN 1024, PR MIERE PRI T 1650 4535 K iH 7 815 & 15
5o AR 13 200 sREEGE R, Hid 11 550 5K UIZREE . 1 000 sk IHRSE, 650 5K A I IELR.
2.3.1 HE&EERER

TE Python 2P, W C 245 119 Specgram B2 7K i 5 5 F o B @IEIS IR, A& A5 1% E ol
200 X900 px. FIH resize PRECTRFTEIE K K /MEBCH 200 X 150 px, HABBUS 0975 35 & B 1 /E 46 U 28 1)
A, PEAT 2 BERLYI 25 IF it e, 1B 4 I Specgram PREUS . 115 5 FE 35 ki 1 1B Y o B
K 5 A AATEREE Accuracy MR, K 6 W K& EiE % K cross-entropy Hii £k .
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[ L Iﬂ ; s
I 'm' Mll"ll‘ K '%MMH»"I | '
(A A '
; kb AR U 1 bt
Al /s A iE/s
(a) FKIE ‘B BEERFE (b) EHKiE 803" BIER
4 EEESEBRABEENRGE
n ml
0.8
M 0.6 4
S g
@ o4 X T
= HE o
= 23 2
02F =
of or
| I AN N [N NN SN NN SN N N S — | N IS I N N N S I —— — ——
0 40 80 120 160 200 240 0 40 80 120 160 200 240
BERIRE ERIRER
B 5 #BiEEE Accuracy H £ [E B o6 ¥@iEIEE Cross-entropy B £k &l

Bl A BeRE L IS5 5 5 O B g &, 5 SRR S EDU. &1 5 AT ER B AR A BRI 28 N 4% 1 I
HREF . RO E R Accuracy [EZ WA 0. 95 FEIT . JF#a T ¥ ZZ. B 6 4 cross-entropy FI{EZ i 17 0. 01
HEAT . PRI AT LGS R £ A TR 2 M AT
2.3.2 F3 R ELE

A B 8 IO 2% 22 2] 2R (10 TR /N 52 e 37 K ST 1) 3 135 TR 0 43 R UK. 2 20 g R, B BBl 28 I 2% 2% 2 1Y)
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Egé\j}ﬂ'y{, j‘?:u_:ﬁi ACCUI‘&CY Eéﬁ%f}?ﬂ%kﬁﬁ! Wﬁ?"}i’%ﬁﬂ/]\, éiﬁﬂﬂll%ﬁﬁﬁ%ﬁﬂq&ﬁ Iﬂfm ZIK
WSZH R 0,000 5, 0.001, 0.005, 0.05, 0.01, 0. 13X 6 FhA G (427 2 RAEAT R LE STH . 48 1 e f2s 2] %
YL 2 2 9 6 BRI 2] 5 F 0 e 9B

£2 FEEIRMEELR

53] % E7 S AV QI §
20 60 100 140 180 220 260

0. 0005 71.56 % 81.32% 85.76% 88.91% 91.09% 93.89% 95.01%
0. 001 69. 78 % 69.78% 69.78% 69. 78 % 69.78% 69.78% 69.09%
0. 005 69. 78 % 66.56 % 69.09% 69.09% 71.73% 73.92% 73.92%
0.05 68.89% 64.87% 69.07 % 70. 98 % 73.09% 74.56% 74.56 %
0.01 68. 84 % 65.95% 70.98% 73.45% 74.56 % 74.56 % 74.56 %
0.1 35.68% 35.08% 32.33% 35.86% 35.86% 35.86% 35.86%

M 2 (XS g R Al DLR Y, 22 20 RO [E, i8S B KM R WA . WERPIEaTLIE L, BARE
RRBAESE I, 8B R 28 W 2 2 ) SR (H 728 Ak e Bk P22, BB R~ S RE ) 8 TR e, %
N 0.000 5 B, S HERA 2 . A SCITR I A5 BB 28 I 26 2% 2] %658 0. 000 5.

2.3.3 MR EE

3N A MORTRIREA LGB0 B, 3R 4 D B — 0Bk R0y 4 FhAREAS el % 3R, 3R 5 FISR 6 AN
[FIFUBEREAEE T XS e Sc . R 5 ha] D4R D AR A TC B N R A8, 0 o 3 1 1 e 24 0 2 M 32 7
R MRS, MEEA HL B R 7 2 1B, r 2B ER SRR, A F)] 95. 31%.

I, BRI 1650 28, R—2KA 8 k. B IIGHEAL SMNAHEAE LG AR, #
SRR R R, R R GREARE SR EL G R 3:5.4:4.6:2,7:1, %6
W Sk o — R RS LB A X L S B0 25 3. 38 6 il LIAR S50, M8 R AR AR Y 24 5 0t 45 22 [A] 19 bR
R 7 1A, HRIE R R R R s, 2908 9500, REA LUK 6 ¢ 2 B, HERRARINF 78. 9800, THIAEAS L A
SRR 3 5. 4 AWE, ARUETI RN 37% . 44.49%. FHILZF, MMk 7 1w, A fE—EFRE b
P B L R ERA

x3 4 MEEREGIEE x4 B—ETEHEKRLILHIXRE
S RN FEAHL ISR « Ml 52 8 44 B UES SRR S
Sy 1 3300 1:1 S 1 3:5
S 2 6 600 3:1 o4 2 44
S 3 11 550 6:1 S 3 6:2
S 4 13 200 7:1 ST 4 7:1

x5 4 MERILGIBIT L LI LR

YIRLE . E7 S AV G '

IR S 20 60 100 140 180 220 260
1:1 51.20% 55. 60 % 55.90% 45.80% 53.20% 53.20% 53.20%
3:1 57.56% 63.98% 67.98% 70.56 % 69.45% 1% 1%
5:1 62.33% 63.32% 67.90% 73.35% 77.79% 83.09% 83.09%

7:1 63.39% 75. 46 % 89.94 % 94.37% 95.31% 95.31% 95.31%
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R6 BERRBERILGAILZB/ER

YIRLE S-S AV G §

I3k AR 20 60 100 140 180 220 260
3:5 23.12% 22.56% 26.89% 35.58% 37% 37% 37%
44 22.51% 35.78% 46.36% 33.56% 44.49% 44.49% 44.49%
6:2 61.76% 63.32% 74.90% 78. 98 % 78.98% 78.98% 78.98%
7:1 63.31% 75.23% 89.93% 94. 38 % 95.31% 95.31% 95.31%

2.3.4 AHiEEHBT EAER

TEAS T 22 I 45 RS 70 v, R 2 25 RO TR] B4 i 10 0 s B 5 S X R R (Y PERE P A S . Utk IR E i
BRI SO 1024, 2 048, 4 096 FEATRF L S2H. SLIGLE BANE 7 FToR.
2.3.5 BEIHATE R

BRURAESL PR b — AR EAE . SR Z AL 2% S B T AR AR e e 1 . 5 206 — SRR 25 [B) B ) i
A e Al R AR P S B 5 — A s A, A AR ST R T ). SO R B AR A e — R B W Y 4
Tl T% pR B SR — A, A B BT PR BT AE £ 7 AR R I o AR ob B CORR RE T R B ) B, A Y )RS 2
BRUE ). f b, A AT SIS AR A SR AT L OSSO B R O R, SIS A R Ak 8 TR,

x7 2EERAAHHTRMIEXR F8 4 FEE R EL LI
LR EE SRR R/ % b LSk YIZRET ] /h W/ %
1024 75~94 Softmax 28 78
2 048 80~94 Softplus 35 67
4096 90~94 RelLU 18 95
Sigmoid 26 90

N 8 HRTLIE . FEERBI L MG, DL RelLU pREUVE 2 3005 R B, AR 2t (o] i . O HL
TG B 3 S 8OR I B Y. AR SRR 1E ] Re LU bRV EUYE A V500G pRERL.
2.3.6 CNNBEA AHEZE

ARSI A3 0 I A RIS LA L A 2] AR AR T T HEA T R L SRS, AR B CNN BRI B iR 8 S 40
9 N B 2 28 1Y ) e A S RO
2.4 ETF SVM, BP #HEZM4EF0 CNN HiBiEE R

T B CNN AR T 5 325 0K 1 IR N7 1) 15 33 18] 73 28 B AT AT PR RA R0 . ZEAH IR SE 80 25 N, AR S
13T SVM, BP £ K45 A1 CNN B XF b SE 5. D38 0K 38 I 37 18] o 3% ERE A B b i 5% 400 SR R 47 56 T
SVM. BP #1245 1 70 250585, Horp 320 sk VB I ZR4E, 80 sk A il 4E . $& HCAE 5K 15 1% B 1Y —(ERF1F
3 16X 16 B HRRAF 5 K.

D) T SVM RiB ik K 2 5c g v, B e 2 8000 0 2 o B 352 e 43 280G B Rz AR PERE. BT X IX
S n) L, E AT T AR . 2O m AR I B AL L 2 2 R A A% R B X L SR . H SR A R 1S
e SR AR ) R AR S SVM B A% eR B, T0IN 43 2 ME Al 30 0 . LR, O T B E A5 A T B Y AR T S 4
c RS ¢ ME, oM AMBEERRILS 5. R, iz 7% REER RS RES 8. st
RN R Lo M N 12 B o N R N S I £ 5V o = R N 2 Y s QS R L = B = N S 3 K S T L o
ML, MIHE#T SVM S5 e Riife. 2R FW, X4 c=5.278, ¢=0.062 5 B, 452 HE % 5
. AR 10 iR,

2) T BP W& M4 i Koy RS0, A SCHE AR L BREE . S Z A =21 BP fi 4
W) £ A5 R AT 1B TR B 4 2SS0 8, BRI B 250 Ol 256-28-80, BiE AJZA 256 DT, BREIEA 28 A,
i )2 80 Y AL, HBAI B A SR o) R KGR %A A 0,000 5., 107, 60 K.
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3) A LR R XS LS EG v, A5 30 4 AR 22 W 28 R 3 2 i SR, IR T B S B S R AT K TR
IRSL AR T35 1R A 73 26 S . 3 Bl 7 vk i 7 2R ME R A< AR 10 TR,

F9 CNNERREASHIGE % 10 SVM. BP #1420 45 F1 CNN Ky 1% &8 b 8
SRR BT S 0% Rk W%/ %
Mgk BT ANBRUR L 2 A A i R A B 22 ) 4% SVM 63
R 0. 000 5 BP i 25 [ % 58
Wi pREL RelLU %k & B 22 W 46 (CNND 91
LITHVREIR 4096

£ LR SVM, BP MM 45 F1 CNN [ XF H 25, 36T SVM B ik B 70 MR 0 63 %, 1 BP #it
2224 () 3 S UHERR R Ol 5800, BT CNN AYIH 1% K 0 Rl R 5 =, 58] 91%. Wk, AT LIFF i CNN 5%
G2 it SVM R BP #1248 M4 A L . 1538 P i R e . MERE R Ar

BP it 25 W) 25 76 I 25 ol A v 28 5 B LA (R Ta) B, R A A RME R R, SVM X /NEEAR, BAR AR
SR 2E 2] e I FNZALRE 1. TAS BIBLA (R BT MR 88, (B2 KM RFEARYE, TESIAZ
WS F5 1 AL, R AL A LSBT o IR e, T R 2 ) 45 R ] RelL U BTG eR B, ok 6 T 0
LA 0 1] BT, KRR AR WA ) T B S A I8 3%, Bk Ah. CNN RE M EIE b [ sh4R B0 % B9 R . R
U, o SRR Ty

3 4 &

ARICAEHL AR T HERL R GE Tensorflow EHEE T — D& 7 DEZ M 2 D2 12 19 6 U2 M 4%
S Y A o S e E VA TN R SR e o i P o e N T £ o N Y (N N EEE o e SN N B b Sk N NG
H RO BT EE 2, 23 BT A% DR RN O R ME R R S R AR BIBRLE i 2 8. TR A b, 230 )
LM LML SVM Hl BP #2290 2% 1) S50 45 R JEAT HOAE, 007 A5 BR b 28 [0 26 A5 8 1) 18 g

SCH T AR T U 22 0 2% ) B OKTE TR T TR r RS R RUERR R R s R TR —
FINGRREA 5 ML A L) 25 K 3R B2 e, E3E S B I 2, R 4R B0 0E Y i 280, X8R0 2 Bk A7 IR 4.
LT SVM 1 BP # 28 (4%, 45 B 28 (0 46 (0 PE RE A, X 38 DK 3 9IS 1) 0 135 ) 119 20 282 A 28y i 52
5673 45 T DR 2008 23 JE T R A R0, AT A B T3 Y A9 2 BOF R I ZR b i 8RS b AT 35 K 3 ISL 1R T8 1
P11 73 28 S 5

SE 3k

(1] 8SCH, MER, 30K, 3T Kaldi B8R EEESF RS D1 JFRPLEHR, 2018, 44(1): 199-205.

(2] A, skask. 3T MFCC M LPCC MuiiE AR (1], 3R HL AR 583, 2009, 30(5): 1189-1191.

(3] &= JF. /NMANCEESET R REMIIG (D). K. PR K%, 2017,

C4]  We kW, ZWF 5L Y 4G e R F B2 R A2 e 78 ARSI g BT (D], RIS . WA /R Tolk K%, 2013,

[5] R ¥ HETERAHENET/RIGE ZIHE SRS M A (D). ¥, Mk, 2016.

(6] MWHEE, BARF, R, & 100 S g S 68 S R e 48 O s [T, iFEAL TR 58 A, 2016, 52(21) .
152-156, 174.

(7] Z2ER, 2L 2, W i, 55, BT RATHRE R E AN F DO R [T] SR E 2 (T30, 2017,
47(1): 294-300.

[8] F . fF fE, fT ¥, %. 3T PICGTFs Fl SSMC 5 1y JF2 2438 35 W 452 5 1 3hiR 997 3 . CN201810852508. 2 [P].
2019-2-1.

[9] CHENSB, XU Y L, DING C H. Q. et al. A Nonnegative Locally Linear KNN Model for Image Recognition [ J]. Pat-
tern Recognition, 2018, 83: 78-90.



168 B KFFHRCA R F R http://xbbjb. swu. edu. cn % 43 A

[10] Temgfd, Pk BE, b BE, 3. AN TPRZ GRS ) AL AE M X A DMD B U0 s i 8 [T, BTk
FAR . 2016, 38(4) . 346-351.

[(11] £ &, #A F 55, & gl e RFem sl gd U] R LR SR, 2020, 56(17): 24-32.

[12] KRIZHEVSKY A. SUTSKEVER I. HINTON G E. ImageNet Classification with Deep Convolutional Neural Networks
[J]. Proceedings of the 25th International Conference on Neural Information Processing Systems, 2012, 1. 1097-1105.

(131 FE&, MR, & . BRMEMAIELA [T] SR . 2016, 36(9): 2508-2515. 2565.

[14] FUKUSHIMA K. Artificial Vision by Multi-layered Neural Networks: Neocognitron and Its Advances [ J]. Neural Net-
works, 2013, 37: 103-119.

Primi Isolated Word Spectrogram Classification Based

on Convolutional Neural Network

DONG Hua-zhen

Personnel Section, Southwest Guizhou Autonomous Prefecture Radio & Television University, Xingyi, Guizhou 562400 , China

Abstract: A spectrogram model based on convolutional neural networks is introduced to achieve the classi-
fication of Primi isolated words. This model can achieve classification through unsupervised learning of
spectrogram features. A nine-layer convolutional neural network modelis built, which is trained using the
spectrogram sample set. For the trained model, the influence of various factors on the experimental results
is tested by experiments, and thus the appropriate parameters are obtained. After the parameters are de-
termined, a comparative experiment of convolutional neural network, support vector machine and BP neu-
ral network is performed, and the results show that the accuracy of Primi isolated word spectrogram clas-
sification based on convolutional neural networkis as high as 91% ~95%, thus indicating its effectiveness
and feasibility. Compared with SVM and BP neural network, this convolutional neural network has the ad-
vantages of automatically extracting features, avoiding over-fitting, and adapting to large sample data for
training.

Key words: Primi isolated word; spectrogram; classification; Convolutional Neural Network (CNN)
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