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ABSTRACT

In this paper we investigate the use of the time-frequency
representation of speech signals, and more specifically of
the second- and third-order Wigner distributions, for the
hierarchical classification of speech phonemes. We focus
on the obstruent rather than the sonorant class of speech
phonemes. Our aim is to obtain a new set of recognition
features, that are both well-suited to the non-stationary
nature of these sounds and robust to noise present when
speech is produced under real conditions. A three-level
hierarchical classification scheme for obstruent sounds is
implemented and tested on real speech data obtained from
TIMIT/DARPA, either noise-free or with additive noise,
recorded in the interior of a moving car. Satisfactory clas-
sification scores are obtained at all three levels, from both
distributions; the advantage of third-order over second-
order Wigner, however, is marginal, not justifying the ex-
tra computations required.

1. INTRODUCTION

Accurate recognition of the basic acoustic-phonetic units
is crucial to the success of the composite continuous speech
recognition and understanding goal, because improvements
made in the basic level are directly reflected in the per-
formance of the higher levels. Nearly all present activ-
ity in this area is centered around the LLPC coeflicients
and the features obtained from them, such as the cepstral
or the delta-cepstral coeflicients. Local stationarity and
linear modeling of speech are the two basic assumptions
underlying these approaches. These assumptions are re-
cently being questioned, however, towards improving the
results of existing methods in certain “difficult” cases,
[6], even at the cost of increased computations. Sono-
rant sounds are certainly easier to process, owing to the
approximate validity of the two basic assumptions men-
tioned above. Obstruent sounds, including plosives, frica-
tives and affricates, form a separate class, because of the
constriction typically present in their production mecha-
nism. They are characterized by lower intensity, mixed
or noise-only source of excitation, and shorter duration.
Non-stationarity and random, aperiodic behavior can be
detected in these sounds.

Motivated by the properties of obstruent sounds, we
investigate the use of the second- and third-order Wigner
distributions as a basis for feature extraction and classifi-
cation. Time-frequency representations and, more specif-
ically, the (2nd-order) Wigner distribution, have already
been successfully employed for the analysis of specific classes
of speech phonemes, like plosives or transition areas be-
fore nasals, in recognition of their non-stationary nature,
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(see, e.g., [8], [10]). Here we extend those results towards
two directions:

The first direction is to form a more general phoneme
classifier for obstruent sounds, given that current phoneme
recognition results are in favor of hierarchical decision
rather than single shot methods. A three-level hierarchi-
cal scheme is proposed (see Figure 1): at the first level,
obstruents are classified into plosives, fricatives and af-
fricates; at the second level, plosives and fricatives are
classified into voiced or unvoiced subclasses and, finally,
at the third level, phonemes are classified into specific
class members.

Obstruents
plosives fricatives
affricates /\ /\

voiced unvoiced voiced unvoiced

AN AN AN AN

Figure 1: 3-level decision tree.

The second direction is to address the problem of recog-
nition on the basis of noisy speech data. This point is dic-
tated by the need of modern speech processing systems to
operate under real as opposed to laboratory conditions.
Car and street booth telephony provide such examples.
Along that line, we compare the performance of the pro-
posed classification scheme when features are extracted
from the second-order and the (sliced) third-order Wigner
distribution.

2. CLASSIFICATION FEATURES BASED ON
THE WIGNER DISTRIBUTION

For a discrete-time signal s(n), the (2nd-order) Wigner-
Ville distribution is the following two dimensional func-
tion of time n and frequency w, [1],

W(n,w) =2 Z s(n+7)s*(n—T1)e™*™, w e [0, 7).
T )

The pseudo-Wigner distribution is computable in practice
from finite data records, using a real, symmetric window
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w(n), as PW(n,m), m=0,1,...,M -1,

L—1
PW(n,m)=2 Z [w(T)]?s(n+7)s* (n—r)e 12T mm) /M
T==L41

@)
The next step is to smooth the 2-D pseudo-Wigner field
PW((n,m), along the time axis. This is equivalent to an 1-
D low-pass filtering of PW(n, m), which inevitably results
in a certain loss of resolution along this axis. However,
it has the triple advantageous effect of (i) reducing the
cross-terms present in the Wigner representation of multi-
component signals, such as speech, (ii) reducing the effect
of the additive noise, possibly present, and (iii) allowing
for subsequent subsampling of PW{n,m) along the time
axis. The latter is desirable from a practical point of view,
since it will reduce the size of PW(n, m) into manageable
dimensions.

Smoothing and subsampling can be performed together,
in practice, if we repeatedly apply on PW(®) (n,m) =
PW (n, m) the low-pass decimator filter h(n) of a Perfect
Reconstruction Filter Bank, down to the J-th coarser ap-
proximation level, PW (/) (n,m), Ym=0,1,...,M —1,
8], as:

PWO (n,m) = " h(2n — k) PWO (k,m),
k

3)

for j = 1,2,...,J. PW(J)(n,m) is next vectorized, to
yield the final classification feature vector, vect{ PW () (n,m)}.
The third-order Wigner distribution (TWD), or Wigner
bispectrum, has been proposed in {4], and subsequently
generalized in [9] and [2], in an attempt to define a quan-
tity that would inherit the properties of both time-frequency
and higher-order analysis domains. What was sought, in
particular, was the ability to detect time-varying quadratic
nonlinearities, and detect transients in noise.
For a continuous-time signal, s(¢), TWD is defined as

Wt,wi,we) = //s(t+a)s(t+b)s*(t+ c)
-exp(—j(wi + were))dridn, (4)

where a,b, ¢ are (linear) functions of 71, 72. See [9], [2] for
properties and applications. In the sequel we will adopt
the particular (but not unique, [9]) parametrization ¢ =
anitar,a=c+m,b=c+m, witha = —1/3. Then, for
a stationary random process, E{W (¢, w1, w2)} is identical
to the bispectrum.

Discretization of W(¢,w;,wz2) in both time and bi-
frequency is studied in [2], following the steps of [7] for
the discretization of second-order Wigner. Under non-
aliasing constraints, the discrete-time TWD is given by

W(n,mi,ms) = (1/M) exp(j;—;[(ml + m2)n)
M—1
Z s*(n— 11— 12)s(1)s{r2)

(5)

where n is the (discrete) time index, and miz = 0,1,
.., M —1 span M x M equispaced points in the bi-
frequency plane 0 < wy,ws < 27/3, since W(n, my, m») is
bi-periodic in (w1, w2) with period 2x/3.
TWD of multicomponent signals, such as speech, suf-
fers from the existence of cross-terms, which are more

.2
-exp(—jﬁw(mln + maT2)),
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numerous than in the second-order WD case, because of
the triple rather than double product of the data in TWD.
Smoothing is then necessary in order to reduce the effect
of cross-terms. Moreover, if signal and noise are super-
imposed in the data, so that y(n) = s(n) + v(n), then
the TWD contains two auto-terms and six cross-terms in-
volving signal and noise, [9]:

Way(n, mi,m2) = Wa.(n,mi, mz) + {Wesu(n, mq, ma)}s)
H{Wepu{n, ma, m2)}) + Wau{n, mi, mz2).

Even if smoothing is used to reduce cross-terms, the much
desirable noise immunity property of the third-order statis-
tics domain will not carry over to TWD, unless some
type of averaging is made. This is because, for symmetri-
cally distributed types of noise v(n), it is the expectation
& { Wau(n, my, ms) }, rather than Wi, (n, m1, m2) itself,
which (under the stationarity assumption) equals the bis-
pectrum and is therefore zero. The noise auto-term will
therefore be averaged out only if (i) multiple records are
available, or (ii) the local stationarity assumption holds
for intervals long enough to allow for time segmentation of
the data, and then averaging of the per-segment TWDs
over all segments. The later option is possible only if
the signal itself is stochastic. Note that, from a practical
standpoint, in the second case it is not anymore necessary
to use time-frequency analysis at all.

An additional practical problem of TWD is that of
representation, because it is a function of three argu-
ments. Given that we are aiming towards a feature ex-
traction rather than a signal reconstruction type of pro-
cessing, we are interested to reduce the size of it, while
retaining information that is critical for our classification
purposes. For that reason we will retain only the diag-
onal bi-frequency slice of TWD for each time point n,
TWa{n,m) = W(n, m1,m2) |m;=my=m, thus obtaining a
function of two arguments, time n and frequency m:

TWy(n,m) = (1/M) ezp(j;—;lmn)
D st(n—n = n)s(n)s(r)
T1,T2= 2_”

(6)

This so-called sliced TWD was first proposed in [3] based
on size reduction considerations. [t can be argued, how-
ever, that the choice of the diagonal slice is advantageous
from a cross-terms reduction viewpoint, too: As a rather
simplified example, Figure 2 shows the TWD of two ex-
ponentials at Q. and Q,, for a given time point n. The
diagonal slice w1 = wy will take into account both auto-
terms, but only two out of the six cross-terms. This ex-
ample is only indicative, since real signals are much more
complex in structure. The next step towards feature ex-
traction is to smooth the sliced TWD along the time axis,
in order to reduce cross-terms. The same smoothing and
subsampling technique of (3) can be used on TWy(n, m),
to produce the smoothed 2-D field TW(gJ) (n, m), which is
then vectorized to yield the feature vector for classifica-
tion, vect{ TW(gJ) (n,m) }.

cop(~sggm(n +m))

3. NEURAL NETWORK CLASSIFICATION
The two candidate feature vectors, vect{ PW () (n,m) }
and vect{TWéJ) (n, m)}, obtained as described in Section
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Figure 2: TWD of two exponentials at ., Q., (fixed n).

2 from the second- and the third-order Wigner distribu-
tions, respectively, are fed into a standard Learning Vector
Quantization classifier, [5], for the final classification step.
This is a neural network classifier, with one competitive
layer followed by one linear layer. The former classifies
incoming vectors into subclasses, while the latter merges
subclasses into final target classes. This type of network
is characterized by the ability to classify patterns into
classes that are not linearly separable in the pattern space
- a highly desirable property, especially when the pattern
space is multi-dimensional. The network is trained by
the LVQ2 algorithm. During operation mode, incoming
vectors are classified according to the 1-Nearest Neighbor
rule.

4. EXPERIMENTAL RESULTS - DISCUSSION

The performance of the two feature sets of Section 2 is
tested on (i) noise-free speech data from TIMIT, (ii) noisy
data obtained by superimposing real noise from the inte-
rior -of a moving car on the TIMIT signals, at SNR =
3dB and 0dB. The speech records varied between 500 and
1000 samples, or 30 to 60 msec, at a 16 KHz sampling
rate. For unvoiced plosives, a simple energy detector was
used to detect the burst point, the closure part thus being
excluded. The second- or (sliced) third-order Wigner dis-
tribution, respectively, of the data, was computed next,
and smoothed along the time-axis using the low-pass fil-
ter a(n) = [0.0094, -0.0707, 0.0694, 0.49, 0.49, 0.0694,
-0.0707, 0.0094], at the J = 7-th level of approximation.
The smoothed 2-D fields were vectorized and trailing ze-
roes were cut off, to yield 100 x 1-dimensional feature
vectors.

The pool of vectors consisted of 1091 vectors, con-
taining 100 affricates, 511 fricatives (199 voiced, 312 un-
voiced) and 480 plosives (224 voiced, 256 unvoiced). The
relative size of training/testing sets were 500/591 at level
1, 250/261 fricatives and 250/230 plosives at level 2 and
approximately half the size of each individual class at level
3. The network parameters were set to 20 hidden layer
nodes, 2000 to 3000 epochs and correction step o = 107",
Two separate experiments were performed at each level:
Test 1, shown in the first row in Tables 1,2,3, where the
training set itself was used for testing, to judge the appro-
priateness of the proposed features, and Test 2, shown in
the second row in Tables 1,2,3, where testing and training
sets are disjoint, so as to judge the generalization ability
of the network.

Tables 1,2 and 3 show correct classification scores (%)
of the sliced third-order Wigner features, extracted from
noise-free data, at levels 1,2 and 3, respectively. Results
are satisfactory, especially in the upper two levels, where
the training set size was bigger. Despite the existence
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of problematic sounds, such as /b/, and despite the lim-
ited size of this experiment, the potential of the proposed
feature set for this class of phonemes is shown.

Table 4 shows a comparison between 3rd- (3 columns,
left)} and 2nd- (2 columns, right) order Wigner based fea-
tures, on noise-free and on noisy data. Only Test 2 (dis-
joint testing and training sets) results and only total scores
per class are presented. The effect of the noise is not se-
vere at SNR=3dB, and becomes noticeable at SNR=0dB.
The proposed methods are seen in Table 4 to enjoy a cer-
tain level of robustness to noise, which is important from
a practical point of view, although no theoretic claims for
noise immunity can be established for either feature. This
is because, keeping in mind the noise immunity comments
in Section 2, classification can not incorporate any type
of averaging when individual incoming phonemes must be
classified. In that sense, training the network on features
after averaging out the noise would be risky, in that class
representatives may no longer represent noisy incoming
data. Therefore, the level of robustness to noise exhib-
ited by both features should be attributed more to the
effect of the smoothing filters and the performance of the
neural network, rather than on the properties of Wigner
itself. Moreover, the advantage of the 3rd-order Wigner
based features over the 2nd-order Wigner is shown to be
marginal, not justifying the extra computational load re-
quired.

5. CONCLUSIONS

Hierarchical classification of obstruent speech phonemes
was addressed in this paper, through features extracted
from the time-frequency distribution of the speech signals.
2nd- and 3rd-order Wigner distributions have been tested
and compared, on noise-free and on noisy data. Both
features give satisfactory classification results, while they
exhibit in practice a certain level of robustness to addi-
tive noise. The advantage of third-order Wigner based
features to second-order based ones, can not be estab-
lished for this type of application. Despite the limited
scale of the experiment performed, the potential of the
time-frequency based methods for classification of obstru-
ent sounds clearly emerges. The possible generalization of
this type of features for other dynamic classes of phonemes,
such as diphthongs or semivowels, as well as the improve-
ment by incorporating decision feedback between different
classification levels, are open for further research.
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lr ” Affricates [ Fricatives | Plosives ﬂ Total ”
Test 1 100.00 100.00 100.00 100.00
ﬁ 239 216 500
45 239 216 500
Test 2 100.00 100.00 98.11 99.15
:52 272 259 586
55 272 264 591

Table 1: Correct classification scores (%) at level 1.

Fricatives Plosives
(voic.) | (unv.) || Total || (voic.) | (unv.) || Total
100.00 | 100.00 {{ 100.00 || 100.00 | 100.00 || 100.00
102 148 250 E 132 250
102 148 250 118 132 250
100.00 { 100.00 }i 100.00 100.00 | 100.00 || 100.00
97 164 261 106 124 230
97 164 261 106 124 230

Table 2: Correct classification scores (%) at level 2.

Affricates
[ck/ | /ik/ || Total
Test 1 100.00 | 100.00 100.00
% | 2 |50
26 24 50
Test 2 100.00 | 100.00 100.00
24 26 50
24 26 20
Voiced Fricatives
fdb/ | fv/ | [2/ | [#h/ | Total
100.00 | 100.00 | 100.00 | 100.00 100.00
E ﬁ 33 17 100
15 35 33 17 100
100.00 94.29 100.00 92.86 96.97
B3 | s | o3| s
15 35 35 14 99

Unvoiced Fricatives

[ | /fs/

| /sb/ | jehy || Total

100.00 { 100.00 | 100.00 | 100.00
47 53 55 45

47 53 55 45

100.00
200

200

100.00 | 100.00 | 100.00 { 96.30
33 27 25 26

33 27 25 27

99.11
111

112

Voiced Plosives

fo/ | ja/ | Jg/ | Total
97.50 | 96.36 | 94.55 96.00
3_9 53 52 ﬁ
4Q 2h 5% 150
77.78 | 96.00 | 83.87 86.49
14 24 26 64

18 | 25 | 31 74

Unvoiced Plosives

/XL e
94.74 | 100.00 | 100.00
| a7 | s
57 37 56
95.24 | 90.00 100.00
40 18 44

42 20 44

” Total

98.00
147

150
96.23
102

106

Table 3: Correct classification scores (%) at leve
tures based on the diagonal slice of 3rd-order
extracted from noise-free data.
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1 3. Fea-
Wigner,

3rd-order Wigner 2nd-order Wigner ||
no noise | 3 dB l 0dB no noise ] 3dB
[ Level 1 ]
All (affricates-fricatives-plosives)

99.15 99.86 99.66 98.60 99.15
586 590 @ §_8_3 586
591 591 h91 591 59

l Level 2 4‘
Fricatives (voiced-unvoiced)

100.00 100.00 76.63 99.62 100.00
261 261 200 260 261
261 261 261 261 261

Plosives (voiced-unvoiced)

100.00 100.00 | 100.00 94.34 99.57
20 |20 | 0 | 2d7 | o209
230 230 230 230 230

[ Level 3 [
Affricates { /ch/, /jh/)

100.00 98.00 90.00 100.00 94.00
50 49 E _59 47
50 50 50 50 50

Voiced Fricatives (/dh/, /v/, /z/, [zh/)

96.97 96.97 95.96 100.00 97.98
96 96 g§ 29_ ?Z
99 | 96 99 99 99

Unvoiced Fricatives (/f/, /s/, [sh/, [th/)

99.11 92.86 76.79 88.39 78.57
| odoe | s |ose | s
112 112 _ 112 112 112

Voiced plosives (/b/, /d/, /g/)

86.49 85.14 79.73 90.54 74.32
64 63 59 _6_7 EE
74 74| 74 74 74

Unvoiced plosives (/k/, /p/, [t/

96.23 95.28 95.28 94.34 95.28
w0 | w00 1o | o100 |10
106 106 106 106 106

Table 4: Correct classification scores (%) based on 3rd-
order (left) and on 2nd-order (right) Wigner features, ob-
tained from noiseless and noisy data (SNR = 3dB, 0dB).
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