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Abstract- Speech production models, coding 
methods as well as text to speech technology of-
ten lead to the introduction of modulation models 
to represent speech signals with primary compo-
nents which are amplitude-and-phase-modulated 
sine functions. Parallelism between properties of 
the wavelet transform of primary components and 
algorithmic representations of speech signals de-
rived from auditory nerve models like the EIH lead 
to the introduction of synchrosqueezing measures. On 
the other hand, in automatic speech (and speaker) 
recognition, cepstral feature have imposed them-
selves quasi-universally as acoustic characteristic 
of speech utterances. 

This paper analyses cepstral representation in 
the context of the synchrosqueezed representation -
wastrum. It discusses energy accumulation de-
rived wastra as opposed to classical MEL and LPC 
derived cepstra. In the former method the pri-
mary components and formants play a primary role. 
Recognition results are presented on the Wall 
Street Journal database using IBM continuous de-
coder. 

I. INTRODUCTION 

A new method for processing speech signals that uses the 
wavelet transform as a fundamental tool has recently been 
introduced in [5, 18, 15] . While the primary emphasis 
of the initial study reported in these papers had been in 
speaker identification, in the present work we prepare the 
extension of the same methodology with special attention 
to automatic recognition of continuous speech. The un-
derlying method essentially involves 'treating' the wavelet 
transform of the speech signal in a very specific way, which 
is called synchrosqueezing. This method of processing in-
cludes physiologically motivated auditory nerve models, 
the ensemble interval histogram (Ell!) model, and the so 
called AM-FM modulation model of speech production, 
but now all synthesized together within the more concrete 

framework of wavelet transform . 

ll. SYNCHROSQUEEZED REPRESENTATIONS 

Two key steps are involved in the method. The first is 
the computation of the wavelet transform (4, 25], and the 
second is the the process of synchrosqueezing, which is ne-
cessitated by the somewhat de-focussed character of the 
wavelet transform of speech signals in the time-frequency 
plane. The wavelet transform is implemented with a 
quasi-continuous wavelet transform algorithm (16, 19] . 
While one can think of using the wavelet transform 
directly for recognition purposes, the synchrosqueezed 
wavelet transform, among other things, provides us with 
an alternative to the traditional spectrogram. The latter 
can also be used for recognition, after further processing 
via more conventional means such as the computation of 
the (wavelet based) cepstra- the wastrum [14], . 

Figure 2 compares the time-frequency representation 
obtain by wavelet-based synchrosqueezing and FFT spec-
trograms for a segment of speech from the Wall-Street-
Journal data base. It is apparent that besides the role 
of the window sizes, the synchrosqueezed approach ex-
tracts coherent structures within the signal, while the FFT 
method represent the harmonics independently of the mu-
tual interferences. For this reason, primary components 
and formants can be efficiently and robustly tracked. 

Ill. AUDITORY NERVE REPRESENTATIONS 

Detailed descriptions of the human peripheral auditory 
system can be found in (23, 10, 8, 3, 12, 1, 13]. The EIH 
representation results from an attempt to exploit the in-
synchrony phenomena observed in neuron firing patterns 
which contain all the information processed by the higher 
auditory system stages. Similar models have been pro-
posed earlier on: the instantaneous-frequency distribution 
(IFD) [9] and the in-synchrony bands spectrum (SBS) [11] . 
In general, auditory nerve representations can be modeled 
as filter banks followed by a dominant frequency extrac-
tor. The latter is used to accumulate information from 
the different subbands along the frequency axis at a given 
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Figure 1: Time-frequency plane for Richard Sarazen .... 
FFT spectrogram with a shift of 10 ms and Hamming 
windows of 25 ms. 
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instant of time. The wavelet-based synchrosqueezed repre-
sentation naturally formalizes these models . The cochlear 
filter bank is approximated by the QGWT (19) and the 
second stage is obtained with the time-derivative of the 
phase of the wavelet ·transform as the dominant frequency 
estimator. The wavelet transform is complex is this con-
text. The generating analysis wavelet is a Morlet wavelet 
(16) . 

IV . CEPSTRUM AND ASR 
Cepstral parameters are, at present, widely used for effi-
cient speech and speaker recognition. Basic details and 
justifications can be found in [6, 10, 23, 22] . Originally in-
troduced to separate the pitch contribution from the rest 
of the vocal cord and vocal tract spectrum [20], the cep-
strum has the additional advantage of approximating the 
Karhunen-Loeve transform of speech signal. This prop-
erty is highly desirable for recognition and classification 
[17]. Furthermore, as discussed in (15], the cepstrum can 
be seen as explicit functions of the formants and other 
primary components of the modulation model. Two main 
classes of cepstrum extraction have been intensively used: 

• £PC-derived cepstrum. 

• FFT cepstrum. 

In ASR the second approach has become dominant usually 
with Mel-binning. Figure 3 compares LPCderived cepstra 
to Mel cepstra for the same segment of speech as used in 
Figure 1. 

LPC Cepmuman:i!r7+7•14 

15 

Figure 2: Time-frequency plane for Richard Sarazen .. .. 
Synchrosqueezed plane obtained with the method cited in Figure 3: The sentence is Richard Sarazen .. .. LPC Cep-
the text. strum. 
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Figure 4: The sentence is Richard Sarazen .... Correspond-
ing Mel cepstrum. 

V. WAVELET-DERIVED CEPSTRA AND WASTRA 

The wavelet transform can be used in different ways to 
extract cepstral features . 

A. Energy accumulation-derived cepstra 
• Wavelet binning: 

Mel frequency binning of the pseudo-frequency and 
amplitude estimated from the raw wavelet trans-
formed and resulting cepstra are used as features 
for recognition. 

• Energy binning in synchrosqueezed plane: 
Same as the above, but now instead of using the es-
timates from raw wavelet transform, we use the data 
from the synchrosqueezed time-frequency plane. 

B. Time-frequency derived cepstra (wastra) 
The wastra (Wavelet based Cepstrum, for short) is in-
troduced in [15] as the cepstral feature obtained by ap-
plying Schroeder formula [24] on generalized poles ob-
tained by tracking the formants or primary components in 
the synchrosqueezed plane. It may be remarked that the 
improved robustness to noise of synchrosqueezed wavelet 
transform for speaker identification has been reported in 
[5]. Another outcome of the new technique is that the 
synchrosqueezed wavelet transform is more amenable to 
tracking of formants or, more generally, the components 
of the speech signal. Different methods can be envisioned 
for tracking of the components. In [14]. a MLE is de-
scribed to track formants and primary components. The 
algorithm is extremely robust but time-consuming. 

Alternatively, proposed simpler and computationally 
tractable schemes, which has the fiavor of carrying out 
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Figure 5: The sentence is Richard Sarazen .... Illustration 
of corresponding Mel energy binning wastrum. 

(K-means) clustering of the synchrosqueezed spectrum dy-
namically in time can also be proposed. 

• K-means Wastrum 
The components are dynamically tracked via 
a K-means clustering algorithm from the syn-
chrosqueezed plane. The amplitude, frequency and 
bandwidth of each of the components are, thus , ex-
tracted. The cepstrum generated from this informa-
tion alone is referred to as the K-mean Wastrum. 
Figure 7 shows the resulting center frequencies and 
bandwidths and the resulting cepstrum. 
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Figure 6: The sentence is Richard Sarazen .. .. illustration 
of the components extracted by the K-mean approach. 
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Figure 7: The sentence is Richard Sarazen .... Resulting 
K-mean wastrum. 

• Formant based wastrum 
The K-mean clustering is post processed to limit the 
set of primary components to formants. Formants 
are interpolated in unvoiced regions and the contri-
bution of unvoiced turbulent part of the !!pectrum 
are added. This method requires adequate formant 
tracking. The resulting robust formant extraction 
has numbers of applications in speech processing 
and analysis. 

VI. FORMANT EXTRACTION 

Our goal is to estimate (probabilistically) the position of 
the formants, as a function of time, in a given speech sig-
nal. The motivation for our approach is based on the fact 
that visual identification of formants is relatively success-
ful. Thus, as input to the extraction procedure, we have a 
set of elements, where associated to each is a time (speech 
frame), a frequency, a bandwidth, and an energy. The 
output consists of four sets, one for each of the first three 
formants and one for noise, which partition the input set. 

The visual cues used in identifying formants deal pri-
marily with global continuity conditions for the individual 
components. This, coupled with a physical understanding 
of the ordering of the formants, can lead to relatively sim-
ple procedures for determining formant positions. The ef-
fectiveness of the procedure depends, of course, on the un-
derlying time-frequency representation. We would like to 
choose the elements referred to above in a robust manner. 
More precisely, elements which constitute noise should be 
ignored, and those that result from the resonances should 
be kept. For this we use the Synchrosqueezed Plane, as 
developed by Maes, which has the property that the rep-
resentation is concentrated on the formants. From this 

plane, a k-means type of procedure is used on each analy-
sis frame to determine the set of elements that we work 
with. Assume that this results inN elements for a given 
M frames, E = {ei}, i 1, ... ,N. Let the func-
tions, f(·), b(-), and w(·) be maps E ~---+ n, which give 
the frequency, bandwidth and energy (weight) of the el-
ements,and let t(·) : E 1---+ .N, give the frame number. 
In determining this set, we have the freedom to impose 
energy and bandwidth constraints. That is, we filter E 
based on f(·), b(·), and w(·), to come up with E'. As a 
first guess, we assume that the above produces elements 
which are in fact due to the first three formants, plus some 
nmse. 
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Figure 8: The sentence is Richard Sarazen .... results of the 
k-means forma.nt tracking. 

Using this data, initial estimates for the formant centers 
are extracted and each element is associated to a particu-
lar formant. We start with E1 = {ei E E' : t(ei) = 1} 
and partition it into sets ordered e.g. by their centroids, 
calling them /1, /2, etc. Next, weconsider E2 and dis-
tribute its elements among the sets derived from E1, or 
create others as necessary. This is continued until all of 
the frames are exhausted. Here we can determine initial 
properties of fl 1 /2, etc. and repeat the above procedure 
to obtain a more stable partition. 

But due to the wide ranging mobility of the formants, 
this will most certainly result in violation of continuity 
conditions. So our next step is to make a pass over the 
data and try to correct for this. For example, consider /2 
and f3. Let /2; = {ei E f2 : t(ei) = j}, and likewise 
for f3;. We go from j = 1 to M, building a profile for 
each formant derived from f(·), b(·), and w(·). As we do 
this, we check to see if elements from /2; should be moved 
to /3; 1 or vice versa, i.e. we compare f2; and f3; with 
the profiles built from data upto frame j -1. If we look at 
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the resulting data at this stage, we do see some correlation 
with visual identification. An example is given in figure 8. 

VII. WAVELET-BASED VOCAL TRACT LENGTH 
NORMALIZATION 

It is well known the differences in vocal tract size con-
tribute significantly to the speech waveform variability. 
ASR systems inherently suffers from any variability. The 
advantages of vocal tract normalization have been demon-
strated in (26, 7, 2, 21]. In (7] has been shown that an 
estimate of the median value of the third formant can 
be used to partially normalize for differing vocal tract 
properties. Unfortunately, LPC-derived formant estima-
tors have a limited robustness. Furthermore, the relation-
ship between spectrum and vocal tract geometry is more 
complex. Therefore, we propose to extract f1 !2 and f3. 
Centroids are computed overs all these values and dis-
crepancies among speakers are corrected by appropriately 
warping the frequency scale. 

VIII. SPEECH RECOGNITION EXPERIMENT 

To demonstrate the efficacy of the wavelet based syn-
chrosqueezed technique in automatic recognition of speech 
we consider 20 hours of read speech sampled at the rate 
of 16 Khz from the wall-street-journal database. We com-
puted the energy binning synchrosqueezed wavelet cep-
strum (described in Section 5.1) corresponding to a frame 
rate of 10 ms and a frame size of 25 ms. The cepstrum 
was then used for decoding the 40 test sentences from the 
wall-street-journal database. To test the performance of 
the algorithm in presence of noise, we mixed the clean test 
signal with cafeteria noise a noise levels from very noisy 
(lOdb SNR) to relatively clean (60 db SNR). The results 
are tabulated in Table VIII. The drop of recognition rate 
with increase in noise level is also diagrammatically shown 
in Figure 9. 

Table 1: Word Error rate (WER) as a function of SNR 

~ WER J 10 12.5 15 20 
11 SNR I 57.04 41.99 27.7 18.2 

~ WER J 25 35 40 60 
~ SNR J 12.6 10.84 10.43 10.08 

Note that training was performed on clean un-corrupted 
signal for the purpose of these experiments. An obvious 
way to further improve these results is to train on noise 
corrupted training data at an appropriate SNR level. Fur-
ther tuning of the parameters such as the window size and 

Trairing on ClEANwall-street-joumal-0 database 
oor-~--~~--~-,---.--.--.--r-1 
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Figure 9: Word recognition error plotted against SNR. 
Training on clean WSJ database. Test data was contam-
inated with cafeteria noise. 

frame rate appropriate for this specific front end process-
ing are also necessary for improved performance. In our 
experiments these parameters were chosen to be the same 
as the best known values for FFT based cepstra. In view 
of these, the present study can only be considered to be 
preliminary. Since these preliminary results reported in 
Table Vllland Figure 9, seem to be encouraging, further 
work is warranted for drawing definitive conclusions on the 
robustness of wavelet based synchrosqueezed cepstrum. 

IX. CONCLUSION 

We have demonstrated many potential applications of the 
wavelet synchrosqueezed based techniques in automatic 
machine recognition of speech. In particular, we have 
demonstrated how cepstral features extracted by using 
this technique produce results comparable with that ob-
tained by using the fourier transform based techniques by 
performing recognition experiments on large vocabulary 
continuous speech. This result is highly encouraging in 
view of the fact that the parameters of the fourier based 
recognition system used in this experiment was fine tuned 
for best performance. No such fine tuning was performed 
for the wavelet based experiments. In view of evidences 
gathered from for speaker identification experiments, the 
wavelet based recognition system is expected to be more 
noise robust as well. Other potential applications of the 
wavelet synchrosqueezed based technique include formant 
tracking, vocal tract normalization etc. Many of these 
can be used for improved machine recognition of speech 
as well. A complete study in this direction remains to be 
carried out. 
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