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Abstract \/’

Tonal information is important for Chinese Mandarin speech recogni and
understanding. Tone information is carried on the shape of fundament% encies.

When constructing a tone recognition system based pert veglo ine, the
fundamental frequencies should be normalized by c tin . The fitting
coefficients are input data of support vector machinest annot precigely represent the

shape of fundamental frequencies. An improved
some other information of fundamental frequencies; imum and minimum
value, the position of maximum and m|n|mum{ :;es thedfu ental frequency values of
first and last point. The experlmental.re ws tha proposed model is more
accurate with the shape of fundame que ci nd the accuracy rate of tone
recognition is increased by using the, ved t \@
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1. Introduction @ 5\\0

Chinese Mandari ?ﬂown as a\tonal language. Tone information is very important
for Mandarin spe nitiqgo proved that the accuracy rate of speech recognition
ne

is increased cing to rmation to the matching stage[1]. Tone information is
carried on @ entalfr cies. The four tones can be classified by its fundamental
frequency s s. Lit [2] uses second order polynomial to fit the fundamental
frequencies, and us hree coefficients to classify the four tones. The classification
process employs €i resholds, which are defined by experimental results. Literature
[3] uses norma@ndamental frequency, logarithm energy, the first order difference of
fundamental frequency and logarithm energy, and the second order difference of
guency and logarithm energy as feature parameter. The tone recognition
ived from decision tree. After machine learning theory is successful used in
, cognition system [4], literature [7] and [8] adopts HMM and ANN for tone
’@. nition respectively. Literature [9] and [10] employ SVM to tone recognition process.

For SVM based tone recognition system [11], the feature parameter, which is derived
from fundamental frequency [8], logarithm energy [8] and MFCC [10], should be
normalized at the same length as the input of SVM. The normalization method in
literature [8] is curve fitting, and the tone model is built by fitting coefficients, which are
the input for SVM. The fitting coefficients are computed by least square theory, which
generates some deviations between the shape of fundamental frequencies and the fitting
curve. It means that the fitting coefficients cannot describe the shape of fundamental

frequency precisely. An improved tone model, which is more precise with the shape of
fundamental frequency, is proposed for SVM based tone recognition.
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2. Curve Fitting Based Normalization

Tone information is carried on the shape of fundamental frequency. For SVM based
tone recognition, fundamental frequency, logarithm energy, first order difference of
fundamental frequency and first order difference of logarithm energy are used as feature
vectors to build tone model.

As a static classifier, the dimension of tone model in SVM should be consistent 2. So,
it is necessary to make the fundamental frequency and logarithm energy with different
length into tone model with same length. The feature vectors are normalized by curve
fitting method, and the tone model is generated by composing the fitting coefficients. The
least square method based on the Legendre Polynomials basis functions is used for curve
fitting. The top 6 orders Legendre Polynomials are as follows:

R()=1 1)

R(X)=x

P, () :%(3X2 ~1)

P.(X) = %(5x3 ~3x) Q \/ 4
P, (X) = %(35x4 —30x* +3) O \\/ %)
P00 = £ (63K - m\@? 9 (6)

The top 4 orders Legendre Pol s are nIy, which means that the feature
vectors of each frame turns to a del en fitting coefficients.
3. Improved Tone eI for S@sed Tone Recognition

urve

Figure four: fitting result of Chinese

The fitting curve of syllable”ci4” is the best; the

syllable”ci4”, "r "and"
fitting curve of, ren2 iu3" are the worst. The deviation is introduced by
least squar ing some other information in tone model, such as the

maximum |n|mu , the values of first and last point, the position of maximum
and minimum value , can make the tone model is more similar to the feature
parameters.

An improve@ model is built by adding difference of first and last fundamental
frequency poin ximum and minimum value of fundamental frequencies, the position
of maxim\%and minimum fundamental frequencies, and difference of maximum and
minimu@ damental frequencies to the sixteen curve fitting coefficient.

F and smooth tone, its fundamental frequency curve should be approximately a

i ine. Its first and last fundamental frequency point should almost the same, and so
the difference of maximum and minimum fundamental frequencies. For rising tone,

its fundamental frequency curve should be approximately a rising line. The difference of
maximum and minimum fundamental frequencies and the difference of first and last
fundamental frequency point are relatively large, and at the same time, its maximum and
minimum fundamental frequencies should near the first and last fundamental frequency
point. For falling and rising tone, its fundamental frequency curve should be decline first
and then rising. Its minimum fundamental frequency should near the middle of
fundamental frequencies. For falling tone, its fundamental frequency curve should be
approximately a falling line. The significant difference of rising tone and falling tone is
that the difference of first and last fundamental frequency point. For rising tone, its value
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is below 0O; for falling tone, its value is above 0. Therefore, the new 22 dimensional
feature parameter dimension can describe the fundamental frequency sequence more
precisely.
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Figure 1. Comparation of Fundamental Frequency Sequence and Curve Fit
Result

4. Experimental Results

Randomly choose 35.36s speech samples from standard Mandarin speech library to
complete the experiment which helps to determine the parameters in SVM training period.
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The parameters are pl in Radial Basis Function and penalty factor C. The sampling rate
of the speech signal is 16 kHz, and is quantized in 16 bit. The ratio of speech segment is
72%. The length of the analysis window is 25ms, and the frame shift is 10 ms.

Table 1 gives the reference value of pl and C. Six tone recognition process are
implemented with different values of pl and C. The optimal value of pl and C then

determined by comparing the six tone recognition error rate and its optimal classification
interval.

Table 1. Reference Value Table of P1 and C

parameters |— . Reference value . .
First group | Second group | Third group | Forth group | Fifth group | Sixth group
pl 1 10 100 1 1 10
C 10 10 10 1 100 100
*

The tone recognition error rate with different values of p1 and C is shown in
Except for the second group, the error rates of other groups are 0, which re
situation of 100% accuracy rate. The optimal parameters for tone recogpit
determined according to the margin between two hyper \plénes.
classification theory of SVM, when the training samplesateixed, the between the
two hyper planes should with its maximum valug=Rigure” 3 gives argin of hyper
plane with different kernel parameters. By analy Pigure \ timal values of pl

and C are the third group. 6
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Randomly choose 288.9s speech samples fro ines eech database to
analysis the performance of tone recognition syste e ratio speech sample was
25.37%. 201.94s speech samples are chosen ining dataand the other 86.96s speech
samples are as testing data. The samplipg f the sp ignal is 16 kHz, which is
guantized of 16 bits. Its analysis win \ 5 ms the frame is shifted every 10

milliseconds.
The fundamental frequency a%anthm e& of each frame are extracted from
speech file, and then use them both model and improved tone model. In the

tone recognition program, fo e VS. all’§ ifiers were constructed: tone 1 vs. tone 2,

Figure 3. Margin of Hyper Plane with lefer

tone 3 and tone 4; tone 2 ys, tone 1, t d tone 4; tone 3 vs. tone 1, tone 2, and tone
4; tone 4 vs. tone 1 , and toneN3,*The class label is appended according to the
classifier it Was 0. ForegXample, the label of syllable “mai” with rising tone
should be 1 for the |f|er vs. tone 1, tone 3, and tone4; it should be -1 for the
tone and tone4.

Figure 4 S the ognltlon error rate under different tone models. The error
rate of four torfes all d ed by using the improved tone model. It can be seen that the
improved tone mod etter than the typical one. For falling and rising tone, its error

similar to a se der polynomial, the typical tone model cannot fit it precisely, but the
|mprove model can. The improved tone model can increase the tone recognition

accu I’aCG
O
o

rate decreased d@ nificantly. It is because that its fundamental frequency shape is
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Figure 4. Error Rate of Tone Recognition o@ﬁiffer@odel
5. Conclusions O \\/

Tone information is important for Manddrim speech nition. The typical tone
model for SVM based tone recognition s built by e fitting method. The tone
AN im

model is consisted by fitting coefficieats impr tone model is proposed which
added some other information of f ntal x& to make the tone model more
precisely. The experimental resu w that ne recognition error rate by using
improved tone model is sma@ at hy typical tone model.
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