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1 INTRODUCTION

Speech segregation has been traditionally studied in two different fields: signal processing and auditory
scone analysis In signal processing the research aimed at the development of engineering techniques for

segregating speech signals in real speech processing tasks [1, 2, 3]. In auditory scene analysis the research has
been driven by the desire to better understand segregation mechanisms underlying the auditory system
The different motivations led to two difl’erent ways of processing speech signals: one achieves the segregation

in conventional Fourier spectral domain while the other operates based on a filterka which models the
peripheral auditory processing.

This paper is concerned with the comparative study of double-vowel segregation models which have been
developed in the contest of auditory scene analysis Segregation of double vowels is one of the well studied
tasks in auditory scene analysis

People are capable of recognizing concurrent speech. One theory that aims to exploit the good human
performance is the perceptual grouping to combine sound components into meaningful auditory streams.
The phenomenon is referred as to the cocktail party cfiect [5], Various experiments in the recognition of
double synthetic vowels have been conducted and showed that people can perceive concurrent speedi more
easily when listening to two competing voic with diflerent fundamental frequenci (F0) [6, 7, 8, 9]. In
an attempt to explain the perceptual findings, several computational models have beenproposed to model

the major auditory and perceptual processes by which listeners exploit a difference in F0 when identifying

concurrent vowels [6, 7. 10, 11, 12, 13]. Depending on the way of exploiting the diflerence in F0, the
existing models can be classified into two categories: (2) spectro—temporal domain based models [7, 10]; (3)
spectro-spectral domain based models [12, 13].

The segregation models in the two categories share the same peripheral auditory modeling which consists
of an auditory filter-bank followed by hair-cell tranaduction. However, the two kinds of segregation models
difi'er from each other in the ways of utilizing F0 information for achieving the segregation. Spectrrrtemporal
models_[7, 10] are based on a temporal analysis of signals obtained by peripheral filtering and hair-cell
transduction [14, 15], in which the segregation is accomplished by channel selection via a periodicity analysis
of the excitation patterns in each channel. Spectro—spectral models [12, 13] are based on a spectral analysis
of the excitation patterns among the channels, in which an amplitude modulation map is used to capture

the distribution ofamplitude modulation components of speech signals and seyegation is achieved by

grouping signal components with common modulation frequencies among channels.

In this paper we compare and contrast the spectro-temporal domain based models and spectro—spectral
domain based models. The emphasis of the research carried out to date has been on the perceptual bmis
rather than computational aspect of auditory scene analysis, and little work has been devoted to the
investigation ofthe model performance in real speech processing tasks. It is not a straightforward task to
apply the existing models to real speech problems. One is confronted with difficulties when dealing with
real speech signals. For instances, the vowels extracted from real speech are of short duration which limits
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the resolution of the vowel spectra. Also, the spectre of the vowels spoken by different speakers may vary

in shape. Motivated by the need of investigating the capability of the segregation models for real speech

problems, we concentrate on the performance comparison of the two models for segregating concurrent

vowels extracted from real speech.

The paper is organized as follows. In the next section we describe the peripheral auditory filtering which is

involved in both segregation models. In Section 3 we review the spectra-spectral domain based model while

in in Section 4 we review the spectra-temporal model. In Section 5 we present the comparison results using

vowels extracted from a real speech database. Finally, we give concluding remarks in Section 5.

2 PERIPHERAL AUDITORY ANALYSIS

The neural representation of acoustic signals in the peripheral auditory system can he modeled by the

peripheral filtering using an auditory filterhank. followed by hair-cell transduction to extract the amplitude

modulation excitation patterns of incoming sounds.

The auditory filterka reflects the frequency selective properties of the basilar membrane. The auditory

filterbank is usually chosen as a Garnmatone filterbank with a set of filters which are placed evenly on the

equivalent rectangular bandwidth (ERB) scale [14, 15, 16]. The impulse response of a nAth order Gsmmatone

filter is defined by

909) = t“"e"2"”)cos(21rfot+ It) (1)

in which fa is the centre frequency, 17 is the bandwidth parameter, and oi is the phase. The center frequencies

of the filters associated with the Gammatone filterbank range from 0.1 to 5.0 kHz at equivalent ERB spacing.

The bandwidths of the filters increase quasi-logarithmically with increasing centre frequencies. Excitation

patterns from the auditory filterka represent the distribution of auditory excitation across place in the

peripheral auditory system.

The hair-cell transduction process in the auditory system is modeled by half-wave rectification and band-

pass filtering. The half-wave rectification is defined by

w) = {:(t) if :(t) > o (2)

otherwise

in which :03) is input signal. The hand-pass filtering aims at removing frequency components which are

not in the range between 0.1 to 5.0 kHz. The resulting excitation patterns are the amplitude modulated

signals in each channel.

3 AMPLITUDE MODULATION MAP AND HARMONIC-SIEVE

Amplitude modulation (AM) map [12Y 13] is a two-dimensional representation expressing the distribution of

AM frequencies among the bandpass channels. The motivation for construction of the AM map comes from

the desire of representing the envclope periodicity of AM signals in the auditory system. There is evidence

on the neuronal processing envelope information of acoustic signals at different levels of the auditory system

[17, 13]. The amplitude modulated signals obtained by a filterka and hair-cell transduction may further
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be processed by neural units which contribute to the analysis of periodicity information. Formally, an AM
map is defined by

Ali, fl = thifli (3)

in whicht' is channel index, f is the moduletion frequency, M denotes norm, and Fiat, f) is the shortntime
Fbuzier transform of 1“, Le.

mm) = f rattlhme‘m'nfl (4)

in which Mt) is the analysis window function.

The AM excitation patterns have a close Ielntion with fundamental frequency, Le. the frequencies of AM
excitation patterns are multiples of fundamental frequency, Ridges emerge in the planes of AM map where
the modulation frequencies are integer multiplfi of fundamental frequency. For a single vowel theAM map
exhibits the characteristic patterns in which emu harmonic is expressed as a ridge. Thus, the auditory spec-
tra of vowels can he recovered by summing energy from the harmonic ridges in the AM map. Figures 1 [3.)
show the AM map of vowel fer/ (roast.an in which spectral mslysis'is performed by conventional DFT
with a128nm analysis window. We can see that the AM information of vowels is well encoded as the
harmonic ridges. Figures 1 (b) Show the auditory spectrum obtained Erom the map in Figures 1 (a).
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Figure 1, (23.) AM map in: vowel {at} (FUFIEZHz) in which one tint on Requean axis is 7.3m, and (in) its auditory
spectrum,

The AM map can be used to segregate concurrent vowels via a harmonic-sieve mechanism provided that the
fundmental frequencies of constituent vowels are difierent. The segregation can be accomplished through
two steps: [i] segmentation of the concurrent sounds into non-overlaying ridges (ii) the grouping of the
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harmonic ridge based fundamental frequencies to recover the spectra, of the two constituent vowels. Segre-

gation via the AM map can be viewed as an extension of Parsons’s harmonic-sieve approach. The AM map

based segregation performs the harmonic-sieve operation in each channelJ while Parsons’s harmonicvsieve

operates in single channel, Let the Fourier spectrum of input signal, Application of the AM map based

segregation for segregating concurrent vowels for real speech has been carried out and results show that

the segregation model works for res] speech signals in 128m: duration [191‘

Resolution of the AM map is one of the major factors afiecting the performance of the AM map based

segregation. Spectral analysis using the short—time Fourier transform sufiers from the tradsolf between time

resolution and frequency resolution. For speech signals of short durationsI the AM maps obtained by short-

time Fourier transform cannot provide suflicient resolution for segregation. To overcome such a difliculty,

the reassignment method 120, 21] can he use to replace shortrtirne Fourier transform in the construction of

AM maps. It has been shown that better segregation performance can be obtained by using the reassigned

AM map for both synthetic data and real speech signals [22, 23].

4 CORRELOGRAM AND CHANNEL SELECTION

The correlogram [7, 10] is a twordimensionsi representation expressing the periodicity of the AM signals

among the bandpass channels. A correlogram is constructed by computing a running autocorrelation of the

AM signal at each channel. For a single frame, the correlogram is given by

N
kit r) = E;mow + r) (5)

Ir:E|

in which i is channel index, 7 is the nutocorrelation log

The correlugram captures the distribution of the periodicity information among the channels. Flor is. single

vowel the aurocorrelstion in each channel exhibits a peak at nutocorrelation lag corresponding to the pitch

of the vowel. The overall periodicity information across the channels can be represented by the pooled

correlogram which is the sum of aurocorrsiation over channels. As an example, Figure 2 (3) plots the con

relogram of a vowel fer/ with F0 being lfiin, and Figure 2 (b) plots the corresponding pooled correlogrssn.

We can see from Figure? (b) that the largest peak corresponds to the pitch. A pooled currelogrsm has

two regions: (1) timbre region lying between 0.1ms and 4.5ms of the autocorreiation, and (2) pitch region

lying between 4.5ms and l2.5rns. The timbre region of pooled correlogrnm is used for recognition, while

the peaks in the pitch region are used to determine possible pitdies in speech signals.

Correlogram segregation can be achieved through the channel selection mechanism, that is, the pooled

correlogram is constructed by eunmiing the nutowrrelation of those channels which exhibit the same pitch.

The resulting pooled correlogram is referred to the segregated pooled correlogram. Segregation can be

carried out in two steps. In the first step the pooled corrnlogram is constructed nnd pitches are determined

from the peaks in the pooled correlogram. In the second step the segregated pooled correlogrsrns are formed

by channel selection by utilizing the pitch information.

5 COMPARISON OF SEGREGATION MODELS

In this section we present oxper‘nriental results for evaluating the FO-guided segregation models described in

the previous sections The evaluation was performed on a real speech database called the TIMIT database.

Froc.l.O.A. Vol 20 Pan 5 (1993) 



Proceedings oi the Institute of Acoustics

COMFAHATNE STUDY OF FD~BASED DOUBLE-VOWEL IDENTIFICAHON

The reason of choosing the TDle database lies in its popularity asa phonetically rich, speaker-independent
reel speech database in the speech processing community. We consider the problem of segregating and

recognizing concurrent vowels whose constitute vowels are the eleven v0weis /eh/, /aa/, foo], few], #2:],
[iii], fuel, fall/l, Inf, [uh]i and [iy/ which are divided into nine classes according to the mapping proposed
by Lee and Hon 124]. Vowels of 541113 or longer in duration were extracted from TIMIT database. Each
vowel was truncated to 641m? duration Concurrent. vowels are generated by mixing randomly selected pairs
of vowels from the attracted vowels in which relative amplitudes of the constituent vowels vary from 712dB
to lidB.
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Figure 2. (3] Comle for vuwnl ,‘er/ (F0=152Hz) in which one unit on autumn-relation lug axisis 0 0625m.
and (in) its pooled numcnrrelntion function.

A system as shown in Figures is built to evaluate the performance of segregation and recognition for
concurrent vuweis Given an input speedw signal Which is a linear mixture of concurrent vowels With different
FD’s, the system first recovers constituent vowels from the mixed vowels by exploiting the difi'erenoe in

P0 and than recognizes the segregated vowels by vowel classification. A Gammatone filterhank with 32
channels was used in the peripheral auditory analysis. Vowel classification Wm performed using a multilayer
perception (MLP) with 50hidden units, The ML? was trained on isolated vowels only. A total 20902 vowels
extracted from the TIMIT training set were used to be the training data. The railjent propagation learning
rule was used, with in an initial learning rule of 0,0], maximum learning was 10.0, and the weight decay
factor was 5 x10"5.

In the AM map based segregation model the auditory spectrum was computed using the reassignment
method. Recall that there. are 32 channels in the peripheral auditory processing and there are 9 classes
of vowels to be classified. The MLP converts the 32th-dimen5ional feature space into the 9thwdimensional
vowel space. The recognition rate averaging over all classes for isolated vowels was found to be 70% for the
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AM map based segregation model. in the oorrelogram based segregation model the timbre region of the

pooled correlogram was used as the feature for vowel recognition. The timbre region was specified between

sutocorrelntion delays of 4.5mm and films, the same as in [10}. There are 72 points in the timbre region.

The MLP converts the nth-dimensional feature spaoe into the Stir-dimensional vowel space in this case,

and the recognition rate averaging over all classes was found to he 66% for isolated vowels.

FD—guide
Segregation

F0 Estimation

 

Figures. Overview of the system for the doublevvuwel segregation and recognition

Bearing in mind that our main aim is to evaluate the segregation performance of the segregation models,

we adopted the following strategy to minimize the influence of F0 estimation in our experiments We

estimated file from the isolated vowels before mixing them to generate concurrent vowels; we then used the

F05 to extract vowel spectra fi-orn mixed vowels. The F‘Ds of isolated vowels were estimated using the linear

prediction based method [25] which have been originally proposed to estimate the two F05 of double-vowel

simultaneously

The segregation performance was measured by the capability of recognizing the target vowel when an

interfering vowel is present. The performance was evaluated under different noise conditions. The doubler

vowels were generated by mixing randomly selected vowels from the TI'MIT test set. Several sets of double~

vowels were generated under dilferent taxget-tuinterferer ratios, i.e. 12dB, SdE, DdB‘ -6dB and —12dB. Each

set contains 3000 miXEd vowels. Figure 4 shows the target vowel recognition rota using the two sags-agation

models, in which the recognition rate was normalized over all classes in terms of their distributions in the

training set. We can see from Figure 4 that the AM map based model outperforms the correiogram based

model in all cases

The success of segregation depends on the model capability of recovering vowel features for each constituent

towels from the mixed speech signals. The sources which cause feature distortion can be listed for the two

segregation models:

— In the AM map based model the distortion of the Auditory spectra. is due to (l) the interaction between

constituents of mixed vowels, and (2) the limited resolution of spectrum. When a. concurrent vowel is

present, unwanted AM components may emerge due to the beats of harmonics [rum different constituent

vowels. The limited resolution of the spectrum is a common problem in real speech analysis because

the duration of real vowels is short.

Proe.l.O‘A. Vol 20 Part 5 (1995) 
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— In the correlogram based model the distortion of pooled correlogram can be attributed to the inability
of segregating signal components within channels. When two vowels occupy the same channel, i.e. the
contributions of the autocorreletiou in the channel come from both vowels, the distortion occurs because
the dominant vowel takes all the contributions. In that ease the dominant vowel reoeives unwanted
components while the other vowel loses expected components.
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Figure 4. Performance comparison of the AM map based segregation model and correlogram based segregation
model} Recognition rates of target vowel under difierent target-to-interferer ratios are shown.

6 CONCLUSIONS

A comparative study of F0~based double-vowel identification was presented in this paper. Two seyegntion
models, the AM map based model and the correlogram based model, were compared and contrasted on
TIMIT database Experimental results show that the AM map based model achieves better segregation
performance under different noise levels. The drawbacks of the segregation models were also identified
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