1-P-30b

HAE

JHR

Convolutional Neural Networks % F\ =4 5 B EE O 72 O 5 5 a8 ik*
Yo, REEE, mEOEh, AR (fhFK)

1 (FC&®IZ

OUTPUT

54%1

AW TIE, 77 b —BRIMME RIS L 2 R B 0 |
FHEAGE LIEFRMOESZ BfEL TV 5. 1 oy 1029 9XW98x%m4ﬂ®y//1/”
OIXE XA 22 B ERE B IRIRAE(C B 255 IS N O 8
HEINREE L 220, 77 h—8 LT 5 R EER) 0
. ZOREIZLY, MEREEREORGEIIIEFIC \ \ N :
RRECR DI, JEROEFRES 2T LA TIER 1l oo S o SN\ .
WD LR 5. -9 99 0

FEREICHW D M E - LT, MFCC (Mel- o
Frequency Cepstrum Coefficient) 23 —#HTH 1,

R EOE RSB N TEVMEREZ R LTS, L Fig. 1 The proposed CNN architecture. CPX4,
ML, MEEEEEOFFERBRICB W I a2 R ER represent convolutional operations with convolution
Bo TV, FxliZ I ETIZ, PCA (Principal kernels of size p x q. SPX9 are subsampling opera-
Component Analysis) K7 v A7 my s g tions with p x q kernels. The layers corresponding to
AW AEEREEH O F FRRRRICIE L 7R CPX9, or SEXY are fully connected; otherwise con-
EERELTE (L, 2] ARTIE, b 538E nected 1 by 1. i X j @ k above each layer means that
OhELXZHEL, 7V —L2BEOHIMEE SR the layer has k maps of size i x j.

fHl-JEE R D 2 RoTRF iz it U, BB o £ &

MOWTHRMEME 2T > T e —F%2 L 5.

REFIETIE, BFOAXT Ml T 0bE60
72 2IRTTHFHE A ANTIE, NBOEHRGHRAEHR L L
TEONXT bV g &3 % Convolutional Neural
Networks (CNN) [3, 4, 5] #H&4E L, ReffhHic A - L
L7- BEERRRER 21TV, IEFEOHRIZONT =
B 5. Ipau/ /il Ikl [il  lol [il [Ipaul
2  Convolutional Neural Networks Fig. 2 Mel maps of 20 X 11 pixels are obtained

from each speech data.

CNN i LeCun 5 [3] ic k- CTIRESh =L@
=a—INVFy NT—7O—FETHY, FelmiGus =
oA RO I CARE R LTS, ONN O FHIRER
X7 4 N DEIARFFE AT O B A8 CPXe, RRETFIEORNMERR 2 G T 2 720, H#H, B&
L, i bEITO 7 — U U8 SPXY AR AICFEAE O BREEE 25 L U HEERRER AT 72,
N5 ET, MR 2RI RITEREENIED s
R < =) 3.1 RBEH

ARTIL, Fig. 10X 5 2z 55 CNN 25 % e OFEHT =52 L LT, @E 54 (B34,
B AMBELTIE, BT 287 L—250AE  KPE24) 3FEFR LI T ~LfP & ATR HH#R AT A
WL ALY R T Bh DA LTz 2 RITHE M (A L~ HEE (210 Hi3E) 2V, B 1 4 Z25HME7 — 4, 7%
7) W5 (Fig. 2). AR, ANBOKEAL  VOBLALZEFET -5 LTHAT L. HHRHK
vy AR LIz R~ My (Bl 2E, AJBRE 1% 54, HF2E T /L1E monophone-HMM <, % HMM
RN D AN~ T ThIUX, MBI/ RSS2 DIRBEFUL 5, IREEH 7=V DIRAE AT 8 TH 5.
2=y MAME L THO == RME 0 DR L e Tz, WMEHOEFERT -4 L LT, MERELZBD
%) REE, WiAAELRE (Back Propagation) A2 FE 1 A OFEEEEIER LTz, FERENRIT, EHE L
FVBHOEL /T A— A BEETS. FIERIC ATR HH T o AHEE (210 H5E) & L, &

FKAOE IR LTI, FEEIC AL~y a2 hhH FAEEIEHE C 5 [FIFERE S LT D (Fig. 3). A HEED
L, FHLIZCNNDOANfELT L& THERERE 01 HEEERHE T — %, B2~ HEEETET — 4 &
BAEMNEEBD. TOMABICH LTPCA #  L AT 2. B35, BLUEEET L OMEILHE
HLU, BRAL- RIOUEMEIToTe b DR FFHE L T 5. HHEDLD LK TS 5.

*Speech Recognition for Articulation Disorders Based on Convolutional Neural Networks. by Toshiya
YOSHIOKA, Toru NAKASHIKA, Tetsuya TAKIGUCHI, Yasuo ARIKI (Kobe University)
R SR - 167 -

201349 A



ERN R o RS

s000

4000 4

2000 4
n

uuuuu 4

Q

E

g

< DDDDD

UUUUU 1t 2nd 3rd 4th 5th
Time [sec]

Fig. 3 Example of recorded speech data.
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Fig. 4 Word recognition results [%] for a physically
unimpaired person.
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Fig. 5 Word recognition results [%] for a person
with an articulation disorder.
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