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(a) Tongue position grid line

(b) The cross section corresponding to
the pronunciation "a" at frame 32
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Fig.2 An example of point deformation
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values,and variance range of PCC and RMSE of 4 networks

The average values, maximal values, minimum

BREMSE. ET/MERBESITHNM RS LERHR

M L&A (n + 1) 2 HY TSDR-AE W 454544 ,

S8BT B B R 46 A 2 S B F 9 (R TSDR-
AE W% 2 5otk 2 A7 i Mg . Bk, A 3C
FESE— W B TS-DAE M BB 17 “15-27 [ o) 4 i
M T *13-150-15-2"#E & ) TSDR-AE. A EiE
A SCHEAI[13-150-15-2 (the proposed) 11EfE ¥4 H 5
PRI 2 J213-27 A 4a i A B 7Y (13-2 AE) .2k H
Dropout £ A #1758 14 58 1 < 13-150-15-2" DAE #%
#I[13-150-15-2 DAE (DRPT) . i Fi I 78 #4735 iz
4 eR KR 45 19 “13-150-15-2”"DAE #E81[13-150-15-
2 (DFRMD Ji#f A7 S50 i, Horb, 4% 13-2 AE B
M1 13-150-15-2 DAE (DRPT) BRI 7E 120 4> B 52 %
7% B8 b #54T Dropout Il 55 %F 13-150-15-2 DAE
(DFRM) i T 5 000 4> 289 5 7 % B 37F 47 V)
Y5, ARSCETER A TSDR-AE BRI Ziad f 5 Ak
13-150-15-2 DAE (DFRM) 2581, {5 %5 4 B AL 4l B T
120 A~ 0525 T8 Bt x FLE AT 1 2k K 0

AR SCOR IR 4 BB R SR 5 HIE 120 A R 4R 5 B
S A E A PCC 1 RMSE, |8 5 &%) H 45 5 1
L., & 5Ca) AT %1,13-150-15-2 (the proposed)
BRI PCC AR T HoAts 3 FhBLAY, [RIE, i & 5(b)
A1 ,13-150-15-2 (the proposed) i) RMSE . HAth 3
FRREAITE /N, G R 22 T/, DL B85 R T4 R W
13-150-15-2 (the proposed) & %I Jif 5 4 Y 5 137 4 B
5 S B R 30 U I AR AR LA T

7 %% B B A M e
10— 0.12
0.9 0.10
0.8
o
0.6 [T 2 0.06-
03 0.04
0.4 :
0.3 0.02 —t—
QDO D DO D

,\’Y&QS <§\ & ,»?%32@\0%&
Nel ,\,\Q @“ @Q N N N @Q

57 S 5:\’ sl

NGO NS
INGIFASPRN Q NS
NN OO I

Nl ﬁ,)«\ /\‘) ”)'\m'\ ‘,\6
\,\cS N \'\‘)Q
205 O
(a)PCC (b) RMSE

K5 4 MR PCC A RMSE B B8 e KA L fw /)
5 077 25 1
Fig. 5 The average values, maximal values, minimum

values,and variance range of PCC and RMSE for the 4 models
2.3 5 PCAMEEMAEILE

PCA 15 F 2# G 1 5 0 58 B0 e 45 A1 8 2 1)
WL R LE TR BLE— 2B R 13-150-15-2



I AR E,2023 5,30 %, 5 4 #] Guangxi Sciences,2023,Vol. 30 No. 4

(TSDR-AE) ® 4% 25 #6) F1 PCA X 2 5% & {3 58 B Ay
HERE . 452 4 2=E R PCA BEALTE 7 50 B 1
(A3 BT 25 ST  PCA 6 A R 2 — 4 S R
Sy H A AR 95 % DL L B 6 S 120 A4
HIE | PCA F113-150-15-2 (TSDR-AE)# &1 ) PCC
1 RMSE 2538, 2o PCA_iD I iy @ 3Ros R H]
HI i N4 1) PCA 45

M 6(a) Al LI F],13-150-15-2 (TSDR-AE)
RV 0 & A0 58 3 5 R & AL 8 E R PCC ¥ 1A
0.83, MixfF PCA_2D 9 0.77 LA} PCA_3D 1y
0.81,13-150-15-2 (TSDR-AE) # %! ) PCC H
PCA_2D Fl PCA_3D Wy &, XUl 5 PCA #
Ll o 12 SO U 0 55 37 40 B R 46 B 48 5 N A 4R
56 5 D A7 % SR B AR AL

i & 6 (b) A 41,13-150-15-2 (TSDR-AE) f5 #
HEE AL B S R A 8 A RMSE F ¥ {EH
0.05, X} F PCA_2D # 0.06 LA} PCA_3D fy
0. 05, Z A5 A I A 3b €8, 3 Ui B 3% A58 80 7 30 5 7 46 J58
JE 45 3 — 4 SR 5 F A 00 L0 R R 7 R R Y 1R
ZW /N, 4 F,13-150-15-2 (TS-DAE) B R 5 i
SRR 46 B 4k J5 B A5 AL 48 BR b PCA R4 i
Lt e 1 I Y e = e IV 9 P S

1.0 0.10
0.9
0.08 { {
0.8
w
S 0.7 ;0,06-
% T >
0.6
| 0.04 !
0.5 I [
0.40'0' 0.02Q Q-
v A2
C?.”/’ &,} Q,\‘J Q?,t’ QV’? Q,\"’
AR NG A AN
o K
(a) PCC (b) RMSE

K6 PCA (2D,3D)BEEIFI 13-150-15-2 (TSDR-AE) £
AITE 120 AW & 7 5 F L E A 5 E 4G F 2 M PCC A
RMSE {938 . Fe KA e /)ME RN 7 28 0 ] L #5045

Fig. 6
values and variance range of PCC and RMSE for PCA (2D,
3D) and 13-150-15-2 (TSDR-AE) on 120 test tongue shapes
2.4 TE_HLZETEIES TR

Shy T TR Ml 0 T T AR R M R L S 56 43 A
PCA_2D #& B FIA SCR RN 240 A7 7 48 B J5 46 4
YA IR B 2D AL AR R AH N R A A an
7Ca) W T(b) s . Horh BN R 0T 1R A4 il R
FHASTR B A5 5 FEAT AR UL T & 17 0 07 bR L

The average values. maximal values, minimum

JCE e A A S AR JuE o IR I O A B A
ShRR L TCE o A IETE AT S bR iR T " TR
W = fIEAT S iR,

7 Ca) T AS (R JT 8 8] 2 35 S A T
BMEZES, 0" (A X ) M e” (46X ) E &K
£, “a” QRO X ) 507 (80 X ) & L 3k 3 B
XA PCA_2D #E8 T 4K 45 1) A W] ot & & B
JEARFITF X 58,

H I 7(b) A5 AN JC & B & & Bk 13-150-15-2
(TSDR-AE) X432 5 /N #&, Hoih 17 5 “a” 1y #% W] B
BHE 7 P S a BT AU a5 e o
e 0 B AR . R, 13-150-15-2 (TSDR-
AE) #EHUFT PCA_2D ¥ U8 JC & 19 & L & & 52 5 TR
IF R 46 21 2, I 6 45 SR AE 2D AR bR R IR AT T Ak
HI# LS AR AR AT B 47 0 7 6 X 20 45 S 3 1 B iy 42
A R AR T T )12 0 R A PCA J5 3k A 28 6 45 4
B bR R A AR AR 0T & 1Y R AR AR AE

1.0 1.0

jH{ji/
0.8 ‘
0.8 ° oz
0.6 0.6
= = <62 /0/
0.4 0.4
/el
0.2 lal 0.2
/a/
0.0 0.0 T
0.0 02 04 06 08 1.0 0.0 02 04 06 08 1.0
% X

(a)PCA_2D (b) 13-150-15-2 (TSDR-AE)
7T DURTCE K E T LR A B T T AL s
Fig. 7 Visualization of the reduction points in 2D coordi-

nate system
3 itig

BT H AL AR 13-150-15-2 (DFRM) #4155
FRAER P2 13-2 AE #8 R F Dropout # AR i#E47 4L
PRI IR Y 13-150-15-2 DAE (DRPT) 8 5 #1748
AT LIS %01, 13-150-15-2 (DFRM) #5847 % T Hifl 2
AL, H PCC fH 43 $2 %5 1 0.09 F1 0. 05, [A] A
RMSE {48 MBS T 0.007 #10.013, XFEHELF
ASM MIEAE B AR REAE R 2456 — & K & AR &
L5 JE A (AR (1 5 — i BE TS-DAE (F %k
J56 gt ) 2 i A BN R g, HLAT O Y R
P HE A AR TR M RE .

BRI 55 — By Be TSDR-AE #3451 A4 b &
WP B4 7 1) R Jam o 286 ) 0 AT A0 . 2 R o Rl 4% 22 g
20 4 1 X B S R R A 0L B (AT AR SRR A
It 13-150-15-2 (DFRM) 5 R HL A7 5 4 %) 5 {3 o



. M5 A UL, AR SCHE AL 2 13-150-15-2 (DFRMD)
B PCC A #2 & 0. 07, [6) B H RMSE {4 B¢ ik
0. 01, FRHAZ A7 B 4 1 A9 2% — B Bt TSDR-AE fig it
— 2 W LR T G S AR P RE

I8 77k 5 PCA Jy ik 78 6 r R 48 5 2 )5 1 3%
AT He B 38 1 X 120 A 3SR T 45 N R
f S 25 S 2 W, SR JH 13-150-15-2 (TSDR-AE) #
A A0 B R 4 B e, H R R G 5 R A R
F PCA JE45 5 ML R 3 — 4k o g (5 (8 5, B &
P F ik PCA FE46 3] = 4t T 3545 1 F 245 1

W AL 50 B R 4 O 4R AR B T A R B 2D Ak g
FZ. BB 7 R AR ORI AR T YR AR R R G
Y R 4 Al WAL 5 T B3R T AE S PCA_2D #
R R AR AT 0 4 a5 4 A 5 0 SR A 0 A SRR
R0 3 oo & AR RE Fr . SR R, R
Pk TSDR-AE H A % i (1 51 2 1 68 1 R 40 1) R 2
A& J1 Witk T TSDR-AE B A& 55 PCA J7 ik B
B 37 T 56N 25 4 RIS 4 2 50 2 8] ) X n) B G

25 b AR o DR G P A5 A JURRAE 1T I ik
A R LSRR AR (A AR SCE T ASM 77 AR 1 75 i
TE AR E 8 Jr £ 0 PR B B 1 B0 G A 2% B R L
PCA & v A5 A HL A7 5 88 (1 7 437 56 50 1 45 8 77 L B 4
fie ) A B Te ¥ AL X ArRE T

4 £

BEXI R GETRBE 2 2] A 2 2 18 2% X LA BP0 TR
(L FE o> BT A 1)L, AR SCAR Y 1 — Pl T/ VR AS LS
TR GE T BT B XU Be B Sl g A T k. AR —
W B i 51 A AT A BURRAE Y R B AR TE 5 125 4 2
P 4 L A IR 5 5 I B A A B A LA AR
W BRI, R At A A L s 4 2 R 55 16 R 49 2% 2= %
AR BEAT R A . S IR AE NI B /N U T
ORI AT Of 5 AE 58 PCA J5 ik LB T %
o CHAVERE. SCER R R A SO 4R T 0 5R B
HERLRI L PCA J7 ¥k 1 S PR BE SE AR . i A= B i 78
A P A AR T Lt B B A A X

S5 ik

[1] ROXBURGH Z,CLELAND J,SCOBBIE ] M,et al.
Quantifying changes in ultrasound tongue-shape pre- and
post-intervention in speakers with submucous cleft pal-

ate:an illustrative case study [JJ. Clinical Linguistics &

BREMSE. ET/MERBESITHNM RS LERHR

[2]

[3]

[4]

(5]

(6]

L7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

Phonetics,2022,36(2/3) :146-164.
LI H,YANG M H,TAO ] H. Speaker-independent lips
and tongue visualization of vowels [C]//2013 IEEE In-
ternational Conference on Acoustics, Speech, and Signal
Processing. Vancouver,Canada:IEEE,2013:8106-8110.
XU K L.YANG Y.LEBOULLENGER C,et al. Con-
tour-based 3D tongue motion visualization using ultra-
sound image sequences [ C]//2016 IEEE International
Conference on Acoustics,Speech,and Signal Processing.
Shanghai,China:IEEE.2016:5380-5384.
WANG G W,KONG ] P. An articulatory model of stan-
dard Chinese using MRI and X-ray movie [J]. Journal of
Chinese Linguistics,2015,43(1) :269-294.
STONE M.,JR GOLDSTEIN M H.ZHANG Y Q. Prin-
cipal component analysis of cross sections of tongue
shapes in vowel production [ J]. Speech Communication,
1997,22(2) .173-184.

HEWER A,STEINER I,BOLKART T,et al. A statisti-
cal shape space model of the palate surface trained on 3D
MRI scans of the vocal tract [C]//18th International
Congress of Phonetic Sciences. Glasgow, United King-
dom: University of Glasgow,2015:136-145.
HARSHMAN R,LADEFOGED P,GOLDSTEIN L.
Factor-analysis of tongue shapes [J]. Journal of the A-
coustical Society of America,1977,62(3) :693-707.
ZHENG Y L, HASEGAWA-JOHNSON M, PIZZA S.
Analysis of the three-dimensional tongue shape using a
three-index factor analysis model [J]. Journal of the A-
coustical Society of America,2003,113(1) :478-486.
ISKAROUS K. Patterns of tongue movement [J]. Jour-
nal of Phonetics,2005,33(4) :363-381.

MAEDA S. An articulatory model of the tongue based
on a statistical analysis [J]. Journal of the Acoustical
Society of America,1979,65(S1) .:S22.

BRO R. PARAFAC. tutorial and applications [J]. Che-

mometrics and Intelligent Laboratory Systems, 1997,
38(2):149-171.

HARSHMAN R A. Foundations of the PARAFAC pr-

" explanatory"

ocedure: models and conditions for an
multimodal factor analysis [ J]. UCLA Working Papers
in Phonetics,1970,16:1-84.

LU X G,DANG ] W. Vowel production manifold: in-
trinsic factor analysis of vowel articulation [J]. IEEE
Transactions on Audio,Speech,and Language Process-
ing,2010,18(5) :1053-1062.

LIANG C W,KONG J P,WU X Y. A speech-driven 3-

D tongue model with realistic movement in Mandarin



[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

I AR E,2023 5,30 %, 5 4 #] Guangxi Sciences,2023,Vol. 30 No. 4

Chinese [ C]J//Proceedings of the 2021 International
Conference on Bioinformatics and Intelligent Compu-
ting (BIC 2021). New York, USA: ACM, 2021 297 -
302.

WANG L,CHEN H,LI S,et al. Phoneme-level articu-
latory animation in pronunciation training [ J]. Speech
Communication,2012,54(7) :845-856.

XU K L, YANG Y,JAUMARD-HAKOUN A,et al.
3D tongue motion visualization based on ultrasound
image sequences [ C]//Interspeech 2014. Singapore,
Singapore:ISCA,2014:1482-1483.

BIRKHOLZ P. Modeling consonant-vowel coarticula-
tion for articulatory speech synthesis [J]. PLoS One,
2013,8(4) :e60603.

NARAYANAN S, TOUTIOS A,RAMANARAYAN-
AN V,et al. Real-time magnetic resonance imaging and
electromagnetic articulography database for speech
production research (TC) [J]. Journal of the Acous-
tical Society of America.2014,136(3):1307-1311.

QIN C,CARREIRA-PERPINAN M A,RICHMOND
K. et al. Predicting tongue shapes from a few landmark
locations [ CJ//Interspeech 2008. Brisbane, Australia:
ISCA,2008:2306-2309.

CALKA M,PERRIER P,OHAYON J,et al. Machine-
Learning based model order reduction of a biomechani-
cal model of the human tongue [J]. Computer Methods
and Programs in Biomedicine,2021,198:105786.
PARK B,BISWAS S,PARK H. Electrical characteriza-
tion of the tongue and the soft palate using lumped-ele-
ment model for intraoral neuromodulation [ J]. IEEE
Transactions on Biomedical Engineering,2021,68(10) .
3151-3160.

QIAN C Q.GU H Y, YANG Z C,et al. An automatic
petechia dots detection method on tongue [ C]//The
43rd Annual International Conference of the IEEE En-
gineering in Medicine & Biology Society. Online:
1EEE,2021:3362-3365.

RUAN Q S.WU Q F.YAO J F.et al. An efficient
tongue segmentation model based on U-Net framework
[J]. International Journal of Pattern Recognition and
Artificial Intelligence,2021,35(16) :2154035.
PLOUMPIS S,MOSCHOGLOU S, TRIANTAFYL-
LOU V,et al. 3D human tongue reconstruction {from
single "in-the-wild" images [ CJ]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). New Orleans, USA: IEEE,
2021:2771-2780.

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

MANSOUR R F, ALTHOBAITI M M, ASHOUR A
A. Internet of things and synergic deep learning based
biomedical tongue color image analysis for disease di-
agnosis and classification [ J]. IEEE Access, 2021, 9:
94769-94779.

NIX D A,PAPCUN G,HODGEN ]J,et al. Two cross-
linguistic factors underlying tongue shapes for vowels
[J1. Journal of the Acoustical Society of America,
1996,99(6) :3707-3717.

SALTZMAN E L,MUNHALL K G. A dynamical ap-
proach to gestural patterning in speech production [J].
Ecological Psychology,1989,1(4) :38-68.

JACKSON P J B,SINGAMPALLI V D. Statistical
identification of articulation constraints in the produc-
tion of speech []J]. Speech Communication, 2009, 51 ;
695-710.

HINTON G E,SALAKHUTDINOV R R. Reducing
the dimensionality of data with neural networks [J].
Science,2006,313(5786) :504-507.

DU B, XIONG W, WU ], et al. Stacked convolutional
denoising auto-encoders for feature representation []J].
IEEE Transactions on Cybernetics,2017.,47(4):1017-
1027.

VINCENT P,LAROCHELLE H,LAJOIE I,et al. Sta-
cked denoising autoencoders: learning useful represen-
tations in a deep network with a local denoising criteri-
on [J]. Journal of Machine Learning Research, 2010,
11.:3371-3408.

DENG L, YU D. Deep learning: methods and applica-
tions [J]. Foundation and Trends in Signal Processing,
2013,7(3/4) :197-387.

VINCENT P,LAROCHELLE H,BENGIO Y,et al.
Extracting and composing robust features with denois-
ing autoencoders [ C]//Proceedings of the 25th Inter-
national Conference on Machine Learning. Helsinki,
Finland: ACM,2008:1096-1103.

HINTON G E,OSINDER S, TEH Y W. A fast learn-
ing algorithm for deep belief nets [J]. Neural Compu-
tation,2006,18:1527-1554.

BENGIO Y. Practical recommendations for gradient-
based training of deep architectures [M]//Neural Net-
works: Tricks of the Trade,2nd ed. Berlin: Springer,
2012.437-478.

FANT G. Acoustic theory of speech production [ M].
2nd ed. [S. 1. ]: Mouton,1970.

HOWING F,DOOLEY L S,WERMSER D. Tracking

of non-rigid articulatory organs in X-ray image se-



BREMSE. ET/MERBESITHNM RS LERHR

quences [ J ]. Computerized Medical Imaging and tive contour models [J]. International Journal of Com-
Graphics,1999,23(2) :59-67. puter Vision,1988,1(4) :321-331.
[38] KASS M,WITKIN A, TERZOPOULOS D. Snakes:ac-

Tongue Shapes Modeling from Small Data Using Two-Stage Au-
toencoder
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Abstract: The tongue plays a crucial role in human speech production. The dimensionality reduction analysis
of tongue pronunciation can effectively assist linguists in analyzing human pronunciation patterns. Traditional
methods for tongue position contour compression often relay on Principal Component Analysis (PCA) for di-
mensionality reduction. In recent years, deep-learning-based autoencoders have been widely used for data
compression. However,they require a large number of samples and cannot be directly and effectively used for
tongue motion pattern researches. Besides,obtaining a substantial volume of tongue movement data has been
challenging due to the tongue’s location within the oral cavity. To address these limitations, this paper intro-
duces a two-stage autoencoder dimensionality reduction method designed for small-sample tongue motion
contour data. Firstly, Active Shape Model (ASM) is used to generate a large amount of physiological deform-
ation data of tongue contour,and a general tongue contour reconstruction model is constructed based on a
conventional automatic encoder. Secondly,on the basis of the automatic encoder in the previous stage,an addi-
tional network layer is added to compress and analyze the tongue position data. In experiments,240 vowel and
tongue shape datasets obtained from X-ray films of human speech are selected. The tongue position model and
traditional PCA methods were compared. The results show that the vowel tongue position map obtained by
the proposed method exhibits better discrimination on the two dimensional plane,and has better tongue shape
reconstruction performance.

Key words: deep neural network; autoencoder; Principle Component Analysis (PCA) ; tongue contour; hidden

units
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