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Abstract

In this paper, we describe a new algorithm based on the
discrete wavelet transform (DWT) which uses a multi-
threshold decision model (MTD model) to detect acoustic and
phonetic classes (based on 10ms speech signal segments). The
best thresholds of the model are found by using experimental
pattern classification. Then a unit level interpolation technique
is combined with the MTD model to classify phonetic units
(based on sequences of 10ms segments). The results of the
classifiers are compared and jointly adjusted by an interactive
scheme (IS) in order to improve the performance of the
algorithm. The algorithm is tested with the TIMIT database
and compared with the SUB-CRA-based algorithm and other
algorithms to demonstrate its effectiveness.

1 Introduction

The speech classification problem plays an important role in
many speech processing algorithms and applications. Its
solution can improve performance of concatenative speech
synthesis by selecting proper smoothing strategies at
concatenation points. Some speech coding systems use
phonetic classification to determine the optimal bit allocation
for each speech segment. The discrimination of different
speech classes has been studied in many articles since the
1980’s. Most of them exploit statistical features of the speech
signal [1]-[2] such as relative energy level, zero crossing rate,
etc., to decide about voiced, unvoiced, silence or mixed
excitation. However, these approaches only achieve good
accuracy if using a large number of parameters. In recent
years, wavelet analysis attracted researchers in speech
applications. Some algorithms based on DWT have been
developed to classify speech at the phonetic level [4]-[7].

The combination of wavelet parameters with statistical
parameters opens a way to increase classifier performance.
Especially, this combination can be exploited to solve more
difficult tasks such as classification of phonetic units [3],[8].

2 Properties of DWT for Speech Classification

Any signal s(f) can be represented with basic functions as:
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With @, =2,b, =1we obtain the dyadic discrete wavelet

transform. The advantage of DWT in speech processing is
recognized from the relation between DWT and multiresolution

analysis (MRA) which provides the structure for a multiscale
decomposition of a signal. The MRA consists of sequences of
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and there exits a scaling function @(t)eV, such that

Vmne Z, the set {¢ (t)=2""¢2"t—n)} is an
orthonormal basis for V . If W s the orthogonal
complementof V inV _ ,wehave V =V @W .

Since V, =span{¢(t—n)} and V | =span{@(2t—n)}.
there exists a wavelet function w(f)eV, such that
W, =span{y(t—n)}. Thus, @(tr) and w(t) can be
expressed as a linear combination of ¢(2¢) such that:
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where {h (n),h(n)} are the interscale coefficients or the

synthesis low-pass and high-pass responses of a two-band
paraunitary filter bank. Now, if we have a function s(¢)e V,,

we can use MRA to decompose s(¢) into the sum of a low-

pass approximation plus L details at L resolution stages as:
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The scaling and wavelet coefficients ¢, ., d, , are given by
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Figure 1: Detail and approximation coefficients at first stage.
The analysis filters }?{n) =h(-n).

The output of the DWT includes approximation coefficients

CU g (= 2)

(low-frequency components) and detail coefficients d

m n m,n

(high-frequency components) (Fig.1). Thus, for the voiced
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segments, the energy of signal is contained mostly in the
approximation part and a little in the detail part. This is reversed
for the unvoiced segments. And the energy distribution is rather
equal for both of them for the mixed-excitation segments.

From Eq.(3), we see that a signal is decomposed into different
scale levels. Thus, the energy of the details will vary over
different scales in different ways, depending on the input signal
(a property similar to spectral tilt). We observe this energy
variation of detail coefficients for voiced segments (Fig.2-a) as

E(,,)<E(,,)<E(d,,6)<Ed4,,) (©)]
and for unvoiced segments (Fig.2-b):
EW,,)>Ed,,)>E(,,)>E,,) (10)
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Figure 2: Energy variation of detail coefficients of wavelet
bior5.5 over 4 levels and power spectral density: (a) voiced
segment, (b) unvoiced segment.

3 Speech Classification Tasks

Acoustic classes: One can classify speech signal segments
into 5 classes when considering only their acoustic properties:

* Silence segments have very low amplitude level and exhibit
a blank section in spectrograms.

* Periodic pressure wave has a repetitive structure caused by
the release of energy pulses at regular intervals.

* Noise-like pressure wave refers to the irregular structure
caused by turbulent airflow.

¢ Transient pressure wave is an impulse-like acoustic event
due to the release of a high pressure jet of air into a lower
pressure volume.

* Mixed-excitation segments are created from both sources of
periodic and noise-like pressure waves simultaneously.
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Figure 3: Classification diagram for phonetic units.

Phonetic classes: when we classify speech segments at the
phonetic level, we distinguish only 4 classes (because mixed-
excitation occurs only for voiced speech):

¢ Silence - Voiced speech - Unvoiced speech - Transient speech.
Phonetic units: Sequences of speech signal segments will be
classified into classes of speech sounds or phonetic units
according to the diagram in Fig.3 [9]. In this research, we define
mixed units as one class that includes voiced fricatives, voiced
affricates and glottal fricatives. Voiced units are formed by
vowels, diphthongs, semivowels and nasals. Because voiced or
unvoiced stops are distinguished by their closure interval features
such as voice bar versus silence segments, we consider plosives
in terms of their voiced or unvoiced closure interval, transient and
release segments (Fig.3).

4 Proposed algorithms

4.1. Multi-Threshold Decision Model (MTD)

We develop a multi-threshold decision model as introduced
by [5]. Out model considers four features with the best
thresholds chosen via experimental pattern classification. To
extract the input features, we segment the speech signal into
segments of 10ms length, which corresponds to K=160
samples at 16 KHz sampling rate.

4+ Approximation wavelet energy ratio is the ratio of
energy in the approximation coefficients ¢, and energy of

all wavelet coefficients at the first level of wavelet analysis.
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where N is the length of approximation and detail coefficient
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sequences. If M is the length of each filter (low-pass and high-
pass), L is the number of analysis levels (L = 1in Eq.11), we have:
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where s(i) : the samples of one 10ms segment
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s, the peak value of the whole input signal.

4+ Zero crossing rate is a measure of frequency content for
each segment

k-1
ZCR = |sgn[s(i)]—sgn[s(i — 1] (14)
i=0
4+ The energy variation of detail coefficients (Fig.2) is
defined by the following equation
N, N,
EVD(m,k)=)(d, )’ =Y (d,,)’ (15)
n=l1 n=1

where N,, N, are the lengths of respective detail coefficient
sequences d,  , d, , at different analysis levels m and k .

We see that voiced segments have higher SAE than
unvoiced and silence segments, AWER is low while ZCR is
high for unvoiced segments in comparison with voiced and



silence segments, EVD(1,3) is larger than zero for unvoiced but
less or equal zero for voiced and silence segments.(Fig.4)
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Figure 4: Speech waveform and the extracted four parameters
(EVD(1,3) is multiplied by 10 for better display)
The best thresholds are chosen via pattern classification
experiments performed with about 40.000 training segments of
female and male speakers (dialect region 1, TIMIT).
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Figure 5: Scatter plot for phonetic unit classification of 2000
segments selected randomly from 40.000 segments

To find good thresholds, we first check only with female
speakers. Afterwards, male speakers are checked with these
thresholds. Based on the result, we decide whether to modify these
thresholds to get the best common thresholds for both male and
female speakers. This procedure has the advantage to reveal
automatically any gender-dependency of the classification method.

The best wavelet basis (among 39 different wavelet bases in
Matlab Wavelet Toolbox) is found as “bior5.5” whose AWER
values are stable over all kind of segments when checking
AWER over nearby 300 segments of phonemes /A/, /V/, IS/ in
the sustained database. With initial thresholds AWER1=40%,
AWER3=90% taken from [4] and SAE1=0.00063/160
obtained from observing 10 silence segments with
Wavesurfer, 396 segments of female speakers are classified by
the MTD model. Based on the difference in comparison with
the TIMIT transcription file, we modify these thresholds, and
add some more thresholds. Next, we repeat these procedures
for other sentences to improve classification accuracy. Then,
we apply these results to male speakers and modify some
thresholds to trade of performance between female and male
speakers. Finally, we get all thresholds as AWERI=40%,
AWER2=060%, AWER3=99%, AWER4=99.9%, SAE1=0.001/160,
SAE2=0.0251/160, ZCR1=20, ZCR2=37, ZCR3=71 (Fig.5)

The flow chart of the MTD model for phonetic classes is
drawn in Fig.6. Some outputs are labeled with set of asterisks
to indicate that these outputs will be tested against some
further conditions so as to determine acoustic class and
phonetic unit classification (in Fig.7).
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Figure 6: Flow chart of MTD model for phonetic segment
classification. (V: voiced, U:unvoiced, T: transient. S: silence)

Table 1: The specific MTD conditions as labeled in Fig.6:

Number| Condition syntax

[0} If ISAE[i]>ISAE[i-1]1 & IZCR[i]I>IZCR[i-1]l then

@) If lesub[ 1]-esub[2]I>constant then (esub is defined
similar to SAE in Eq. (13) but with K=80)

® If ISAE[i]- SAE[i-1]l > constant then

@,@’ | If buffer = “previous segment” then

® If ZCRJi]- ZCR[i-1] > constant then

4.2. Smoothing is performed at acoustic and phonetic levels,
and based on sequential consistency of speech signal
classification to smooth some incorrect decisions. For example:
VVSVV-> VVVVV, SSTSS - SSSSS, VVUVV = VVVVV.

4.3. Unit Level Interpolation makes corrections for phonetic

units and relies on phonemic features and the sequential

structure of speech sounds in American English.

*Vowel: several successive periodic segments.

*Unvoiced stop: silence + transient + noise-like segment.

*Voiced stop: periodic + transient + noise-like segment.

*Unvoiced affricate: silence + transient + long noise-like excitation.

*Voiced fricatives, voiced affricates and glottal fricatives:
mixed-excitations.

*Unvoiced fricatives: noise-like excitation.

4.4. Interactive scheme (IS)
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Figure 7: Interactive scheme of MTD-based algorithm.
(M:mixed-excitation, N: noise-like, Vu: voiced unit,
F:unvoiced fricative, R: stop release, Vc: voiced closure)

In order to classify acoustic classes and phonetic units, the
MTD model is modified by adding some conditions and

Phonetic Unit
Segquences




labeled for all outputs of the MTD (Fig.7). The phonetic class
sequence is smoothed to eliminate inconsistent decisions.
Then acoustic classes and phonetic units are updated with
reference to the changed segments after phonetic class
smoothing. A Unit Level Interpolation is used to detect
unvoiced closure and voiced closure, stop release units, and
unvoiced affricate units. Finally, the phonetic unit sequence is
fed back into the acoustic and phonetic class sequence to
modify them one more time. Final decisions are given out.

5 Evaluation and Discussion

This algorithm is tested with the TIMIT database with 4 dialect

regions including 40.000 training segments (DR1) and 250.000

test segments (DR2 — DR4). They are classified in terms of

acoustic classes, phonetic classes and phonetic units. The

performance of our algorithm is assessed in the following way:

® Relative Accuracy (RA) = (Correct segments*100) /
Tested segments  [%]

The relative accuracy of phonetic units is measured
segment by segment in this way. The result of phonetic
classification is compared with SUB-CRA (for the bursting
noise condition at 20 dB which is estimated to be equivalent
with the result for noise-free TIMIT, this estimate has been
provided by Ziel Lachiri, one of the authors in [7]). We found
that SUB-CRA gives slightly better detection of voiced
segments. This is expected because mixed excitation is not
detected in their algorithm. However, MTD gets better silence and
unvoiced results, and good transient as well as mixed-excitation
results (table 2).

® Average Ratio of Incorrect Phonetic Units is estimated

over 289 words including 974 phonetic units by two measures:

- PWR = the number of incorrect phonetic units / one word

- PPR = the number of incorrect phonetic units/ total number
of measured phonetic units

Table 3: Results of incorrect phonetic units

PWR [phonetic units] PPR [%]
0.29 8.73

® The distinction ability for different units of the MTD model is
compared qualitatively with the LSP-based method [3]. The LSP-
based method can only detect unvoiced fricatives and unvoiced
affricates well, but it is poor for other units. On the contrary, the
MTD model has regularly high performance (Table 2).

® The detection error rate for stop consonants is calculated
with a test set containing 136 plosives of male speakers and
133 plosives of female speakers in dialect region 4 (as used in
[8]). The result gotten by the MTD model is compared with the
one resulted from the optimal-filter based algorithm [8].
Although our error rate is somewhat higher than the one in [8]
(20.54% in comparison with 16%), this is still considered
acceptable as the MTD algorithm has much wider classification
abilities whereas the algorithm [8] handles only stop consonants.

Table 2: RA for Female and Male speakers and Average value.

® The average difference in performance for male and
female speakers is reduced with 1.25% compared to 1.33% of
the EGG-based algorithm [1]. This reduction constitutes a first
step towards a speaker independent speech classification
algorithm.

6 Conclusion

A new algorithm is developed based on the MTD model using
the discrete wavelet transform with four features. It can be
used to classify speech signals at three levels with good
results. An interactive scheme including smoothing, unit level
interpolation and internal feedback improves the accuracy of
this algorithm with respect to using only the MTD model (by
1.21%, 1.24% and 1.79% for phonetic class, acoustic class and
phonetic unit classification, respectively). There are still some
problems to be solved in future work. Linguistic knowledge
should be exploited to increase the distinction capability
between nasals and semivowels. The optimal choice for all
thresholds should be embedded in a mathematical framework.
That means machine learning methods will be exploited for the
pattern classification problem in order to optimize the thresholds
for robust performance over a wide range of databases.
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Silence (S) Periodic (P) Noise-like (N) Transient (T) Mixed-excitation (M)
F M A F M A F M A F M A F M A

MTD 97.51 | 97.86 | 97.69 | 97.66 | 97.69 | 97.68 | 97.95 | 97.44 | 97.70 | 92.13 | 93.23 [ 92.68 | 85.12 | 81.00 [ 83.06

Silence (S) Voiced (V) Unvoiced (U) Transient (T)
MTD 97.52 1 97.87 1 97.70 | 97.13 [ 97.88 ] 97.51 | 98.68 | 98.32 ] 98.50 | 92.62 ] 93.82 [ 93.22 | [

SUB-CRA 96.50 97.87 95.17

Silence (S) Voiced (Vu) Unvoiced fricative(F) Mixed (Mu)

MTD 97.26 | 97.86 [ 97.56 | 97.16 [ 97.51 [ 97.34 | 95.94 | 95.16 [ 95.55 88.30 | 87.79 | 88.05
Unvoiced affricate(A) Voiced closure (Vc) Unvoiced closure (Uc) Transient (T) Release (R)

MTD 86.85 | 70.34 | 78.60 [ 79.01 [ 78.16 | 78.59 | 85.12 | 86.80 | 85.96 [ 90.94 [ 91.27 | 91.11 [ 91.32 | 87.55 | 89.44




