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Fusion feature based automatic Chinese short tone
classification

SHEN Ling-jie, WANG Wei
(College of Education Science, Nanjing Normal University, Nanjing 210097, Jiangsu, China)

Abstract: This study proposes an approach to automatically recognizing short Chinese tone based on the fusion of pro-
sodic and cepstral features to improve the recognition rate of Chinese tone. The fused features include seven prosodic
features and their statistic parameters based on different models as well as four MFCC log posterior probabilities calcu-
lated from four Gaussian mixture models (GMM). Experiments have two steps: First, the classifiers based on prosodic
features and cepstral features are combined to classify tone, and both of the two classifiers are given weights to examine
the functions of prosodic features and cepstral features on tone classification; Second, seven reduced prosodic features
based on different models and four log posterior probabilities obtained from frame-level MFCC which are modeled by
Gaussian mixture model are concatenated into a fusion feature. Then, the tone classification performances of five clas-
sifiers, namely GMM with two configurations, back propagating neural network (BPNN), support vector machine (SVM)
and convolutional neural network (CNN), are compared and evaluated with three indicators of accuracy, unweighted
average recall (UAR) and Cohen’s Kappa coefficient. Results show that: (1) Cepstral feature method can improve the
recognition rate of Chinese tone classification and the weight of the features in the overall tone classification is 0.11; (2)
Deep learning method of CNN using fused features outperforms other classifiers with a recognition rate of 87.6%, which
is improved by 5.87% compared with the GMM baseline system. This study indicates that cepstral features provide
complementary information to tone classification and hence improve the recognition rate. This new method could also
be applied to other relevant researches on prosody detection and paralinguistic information detection.

Key words: prosodic feature; cepstral feature; Mel-Frequency Cepstral Coefficient (IMFCC); short tone; tone classifica-
tion; fusion; convolutional neural network
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Fig.1 Spectrum and FO curves of the four tones of the Chinese syllable
"shi" expressed by a woman!’)
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o RTHEWMBERKNIT, HloAa =FhEm 2
AL, Sr5008 Tilt #278, Bézier #A, =ALFRERAR
#4(Quantized Contour Model, QCM)ZEZ5, AHIE 5T
() JE AR LT SCHR[14], oA 1 i {5 FH 40 Fo,
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Table 1 Recent researches on Chinese tone classification
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05, W41 % I (interquartile range), PY437 2 5k5
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Fig.2 Diagram of fusion features’ generation
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T =argmax [ By, (7, 15))] (1)
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ot S ONREAR 7 19 7 AN A
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B IR B A R U 2 36 0 R A A
(P(T)=5), FEMFEAEFE PO PO
AT, F, WL T, R T SR N
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1<n<4

A * K
7o =argmax [P (S, |T,)] = argmax [Hp(xk mﬂs
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FEDUE X AES5 T, B IE AN SR AL
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Ty, WA AN 43 28 2 00 )5 B R IR
(75722
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W TTVE REME R DA [F] 73 28 45 o BE AR 75 1) 1 )
HITTERIERE o BT FUAE P RIRFAE,  RIRARFAE AN
RINSRFAIE, BERAE AR 73 RO B DT B
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TR E A 1—a « A T KSR IXPIAN 5 S48 1A BURE
E, WET 0 gitE™:
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X N RoRFA BBV R A B, N
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N N SRR — AN 888 0 IR 1 Rl 58
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B, O EBFET 0, PIAN7r 888 10 7 SRR,
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PG R LA RRIE R 11 4EmAHFIE,
Kl 2 fross

HFSeisk B 4 DM EREE R ERR, #
FHASTR B 20 2 3% R LU B ATTAEAS P4 208 1 1 o
KR MHWT 4 MorREE, 2rl mFh i E R
GMM. J& &G4 M 4% (Back Propagating Neural
Network, BPNN). HFmEAL. HIHEMLE .

(1) SR SHA(GMM): A8 FiZE& R
NS 4 A mE R AR, KR 4 AR 7 I
GMM BB AW E, — DN/ GMM, Bl
%5 MFCC I 16 MRy, MIZRZ 11 4ERRG R
B 4 ANELAY, RS TR R IR 2L A
4 NEGYs i ANRRR GMM,  BIIZR MFCC B
32 ANy, IRz 11 4eg & RHERE H 8 4
Bgr s ISR T BRI BB A 8 ARy o

(2) Ja LR 2 (BPNN): 1% /2% (4R b
5K 11%10%4, A 10 NEEE0T A BR80T m B
TG BREUCN sigmoid, i JZ IIBEUE RN softmax,
W BP WS XN EIER . HaEIIEEE
SRR RPN R AR R AR AN T S N B A A
PAGR=R e

(3) X HrmREM: LHFFI =AML (Support Vector
Machine, SVM)“*BEWE¥s A =KL (1) 9 S5
HATIAF IR 3 RN H R, R — PP R 2 . K
T L5 R 1) e 280 I, R miliseit 6 4
SVM, MBI s 7 N 6 NFEA, 22
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—RAAZMAAAE A A I —ANCL B
(e K ST, IR — AN B s KA I I — 28
YE R ZMRFEA 2K 5] . SVM 6 B v iz 1) FE A%
BRET

(4) & B £ W 2% (Convolutional Neural Net-
work, CNN): HRIHZ M4 130 S5 M0 11%8%4,
i — 4B, EFZ K/ (kemal size) Ny 3, JE
BAAHCR 32, AF BRI )Z (max-pooling), ¥
% PR A 1B IE 26 1% H G (Rectified Linear Unit,
ReLU)™, fAt28 )y Adam®™', %3130y 10%, %A%

RN 100 IZRISFE keras 15 L5LHL.
2SR I FE L RGN EE T BRI U 4
Ao 1 TR A (GMM) .
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SN . B, R AR
FEAEXT A 2R ST AR, IRAIEARIE e 3R S DUE
FIRPIRAIER . B0, MR ER AR, F
FH 5 AN 2R AT R, LRSI 3 2R3 TEAS
S R B .

3.1 BiEHA

R SR B B R B A B AT ST SE i
ARERHE, 1ZER R R EHEERFEAIE N 16 kHz,
K& BEN 16 bite iZIERHE B 55 M 2 B, R B
FHIF] ) 590 f) A FH B 5 /R 7] 2k T2 (HMM toolkit,
HTK)HEAT 8V 5, 18 5 A ARH PR s
AT, PR KB MES . IR 4 A7
W R o3 A WAk 2.

ARG 7 R INGEFIMRER T, N T
WEG R RIS 5 R, M 10 Hr s EIEE
AT YRR

x2 BESH
Table 2 Data distribution
AU E2 A3 A4 R
3 534 414 75 969 1992
« 643 804 282 1632 3361
Bl 1177 1218 357 2601 5353

32 TENIERR

FARVEN SV R e A =AY, 5N
HEMRR . RINBCE A [F 2 (UAR) AR B R 1IH R %
()% HERR RV AG R 20 RHER R RINACE
14 0] 22 FH R VPN B — SR AER R 318, ERH
[ — RN ER LG T A R AR, DRI e B 25 0
PR BT AT (0 B0 4R SV 0 R T; RHE
RN R EL 1 FSRAEAl AR 38 X6 75 18 A R ) — 2
TR o RINBCE25 44 Bl Z (UAR )RR I TR BLE A
P LRI, Hoe SN

PUAR :% ;% (7
W o R R N i A EG 0 BoR
KA i BFEARSG N FRRFEHIE.
33 LR

33.1  SEEG—: CBETRIERHERE TR AR
DRIHRE, THE PRI AE
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Fig.3 Fusion recognition rate as a function of weight « attributed to
both prosodic (a=1) and spectral (a=0) classifiers

B3, BETEIERHEN D REBPEN o, 3
TR AL 4> KBS IRLE A 1~a. HE 3 A5, 24
BT HAFFIE ) GMM 2 2R2IAE o 4 0.89, 3
FRIERFEN GMM 73 K2 E 1o R 0.11 B,
P R R i m, N 85%. FEIZMEFLH, Wi
SN O HEET 02295, FUIREISAEFIE]E
FHIETE I FAT S PR SR L BEANIME 2. Bt
TESE, BVERRHIE(E ZREAN) IR 2 A 4 2R &
BUSAE, (ERERFAE T DAFE — e R LI A i o
e IRV P
332 SEEG T B EVERARHERERERMER S, LR

4 NSRRI 45 R

SEURAER K 3. K 4 RETRERGMEM
P8 ) 248 BLVEAE PR PR B RTRA R, KR
N IERR AR A E e, B4, LR
Gt (a) FIG B E 25 (b) IS RN R . j 4T k FIIK
ERAASET I j IR AR 75 kB
Bl (=1,2,3.4; k=12,3,4).
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Table 3 Classification results of baseline system and 5 classifiers

with fusion features
VA PR %  Puar/% K
TR AR 81.73 76.47 0.800
(FEL RS

TR A A 84.55 76.63 0.832

(4N 32 1 8)
TR A A 83.07 76.02 0.815

(4N 16 1 4)
J& AL F 10 22 P 4% 86.28 76.22 0.851
SCEFREAL 85.50 77.60 0.842
BN W 4 87.60 81.54 0.869

1 2 3 4

(a) ARG (b) BRI LK

B4 iR ANR AR
Fig.4 Tone classification confusion matrices: the tone recognition error
patterns of GMM baseline system (left) and CNN (right)

M 3 FE 4 v AR R R 45 R

(1) H5RL ARG EH R, FETaERER
RG24 R B I HER R e T 5.87%:

(2) AEFVHZ L% T S A i, N 87.6%. I8
TR N Tk A, SLuess R m],
Z WS IR R I, LR R ENL. JEH,
AP HE b, SRR SR IR TS
LM%, SR RIEALAII A B S A PR A5
A R B R SR T, AT SRAS A IR R 2R 5,

(3) TEIZSLIe T, FIHIEREAL(SVM) b AR st
PN (GMM)FILATS, 1A R M H1 5 M AR AR B o o)
AT HAS B AT 43 28 AR IR B W ST, AT )
FHHE A2

4 TR ESS

AHIF TG T (3] 4 0 X e A R AR B A A
Fo SEIGEE R, BEIRBIARFIELE A PR B 4
SRR E ERMER, (B2 i TR RE SR HGH
AT ARRERIEEFE, RESROL SHERE B AN
FAEFRRRE OSSR, AR IR E DGE A K
WA, SCAR(13, 37T FCA S5 RAESE 13X e

MG LR SEIRZE R, D BRI A B
REIERA R IAT B S OB FE W K. Al b
TEASPHETEE BT AR 0 v R A B L 4
2 NS R S T == | SIE S AR G EA SO P Sy e
&t LR UH 25 U 42 I 4% BE A SR 15 i i R 31 2

TEAT BRI 1 IR 5 PR 4RI, SRHUS STk
(38128 MAI 7 v, BB XML 1 40 2R 1 i
FMERIATHY, BARBIMRHEATE—E, HK
ARSI AT 2 7 34 AR AE

SR, N T REBE 78 40IE BH A SR H 1) 45 1 5
VBRI RITENNZAGEE S, A )5 18 75 B HoAh 2
P AT S

AT T ARFAIE £ B ) AR SR B8 v 1 5 DU
P BRI ER o o o T A SRR P 2 ST A PR A e A
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HEZRREEY, S AR — P NE
VA0 BE PR R DO P U R A 2, W R A 4 P 4%
(Deep Neural Network, DNN). JE3F #1484 (Recur-
rent Neural Network, RNN), %7 B2 (Long Short
Term Memory, LSTM)f# 28 25 S50 FE 4 25 X 4% [
RERT LLREFH BRI BIE e s kA, Ty ik
[ s 5 B 38 BORFAE AR i BURPAE, RIS W] LUKy
KA ITEZ AR DOE E A S P DOERIHE
ksl S5 eP0r . BIVE & 15 Bkl 5 2 RS 1
W, §oRZIER N TG .

5 45 18

TRRIE 0 AT AL 80 AR U R B B R AIE 45 5 b R
BEATPOE IR, AR L 2% 2 J7A(CNN) A%
Gl 7 DT EHAT 0 38, SRUR A AR IR R Ry
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