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Abstract
Unlike automatic speech recognition systems, humans can

understand speech when other competing sounds are present
Although the theory of auditory scene analysis (ASA) may help
to explain this ability, some perceptual experiments show fu-
sion of the speech signal under circumstances in which ASA
principles might be expected to cause segregation. We pro-
pose a model of multi-resolution ASA that uses both high- and
low- resolution representations of the auditory signal in paral-
lel in order to resolve this conflict. The use of parallel repre-
sentations reduces variability for pattern-matching while retain-
ing the ability to identify and segregate low-level features of
the signal. An important feature of the model is the assump-
tion that features of the auditory signal are fused together un-
less there is good reason to segregate them. Speech is recog-
nised by matching the low-resolution representation to previ-
ously learned speech templates without prior segregation of the
signal into separate perceptual streams; this contrasts with the
appr oach gener a l l y used by comput at i onal m odels of A S A . We
describe an implementation of the multi-resolution model, us-
ing hidden Markov models, that illustrates the feasibility of
this approach and achieves much higher identification perfor-
mance than standard techniques used for computer recognition
of speech mixed with other sounds.

1. Introduction
Despite many decades of study and a large body of experimen-
tal evidence, it is still not clear exactly how human listeners deal
with the wide variability in acoustic forms that are interpreted as
having the same meaning [1], nor how we are able to understand
speech with ease in the presence of other sounds [2]. Many the-
ories and models of speech perception have been proposed to
explain the first of these abilities e.g. [3, 4, 5]. However, none
of these models is widely accepted, and they take little account
of the problem of recognising speech in a noisy environment.
An approach that deals explicitly with the segregation of speech
or other sources from a background of sounds is that of audi-
tory scene analysis (ASA) [6], describing processes by which
the auditory signal is segregated into perceptual streams, corre-
sponding to individual sources, using simple grouping and seg-
regation principles based on primitive cues such as frequency
and intensity; in this way, a speech stream may be segregated
from other sounds. Schema-based processes are responsible for
providing a higher-level interpretation of the signal. ASA has
been applied to speech and implemented in computational mod-
els of auditory scene analysis (CASA) [7]. However, a number
of perceptual experiments have shown that listeners can under-

stand speech under conditions that, according to ASA princi-
ples, might be expected to cause the signal to segregate into
streams that individually are not sufficient to produce a speech
percept. For example, listeners are able to perceive a stimulus
as a single speech sound even when parts of the signal have dif-
ferent fundamental frequency [8, 9] or are presented to different
ears [10]. Thus, although the theory of auditory scene analysis
might provide an explanation of how parts of the auditory signal
can be segregated into separate streams, its use as a framework
for speech perception has been challenged.

We propose a model of multi-resolution auditory scene
analysis that aims to resolve the conflict between perceptual ex-
periments showing fusion of the speech signal and ASA princi-
ples that would be expected to segregate the signal. The model
uses parallel high- and low- resolution representations of the
auditory signal, allowing the effects of variability in the speech
signal to be reduced while retaining the ability to identify and
segregate low-level features of the signal. An important feature
of the model is the assumption that features of the auditory sig-
nal are fused together unless there is good reason to segregate
them. In the model, speech is recognised by matching the sig-
nal to previously learned templates without prior segregation of
the signal into separate perceptual streams; this contrasts with
the approach generally used by CASA models. In cases where
the signal matches multiple templates, for example when two
voices are present, or when an important cue is obscured by an-
other sound, segregation cues such as fundamental frequency
and location will be used to differentiate parts of the signal pro-
duced by different sources. However, weak segregation cues
may be ignored if they would otherwise prevent the signal be-
ing perceived as speech. Only when particularly strong seg-
regation cues are present will primitive segregation processes
override the speech schema. Pitch is assumed not to be crucial
for speech pattern-matching, although it can aid segregation; it
is also used in talker identification and hence speech template
selection, as well as for semantic processing via intonation.

An implementation of the multi-resolution model is de-
scribed below, illustrating the feasibility of this approach and
achieving much higher identification performance than standard
techniques used for computer recognition of speech mixed with
other sounds. The model is described in more detail in [11].

2. Model implementation

2.1. Introduction

The implementation described below tested the feasibility of a
number of features of the multi-resolution model, including the
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development of pattern templates, the use of a low-resolution
representation, and the assumption that fusion is the default, al-
lowing the templates to be matched to the whole signal rather
than to segregated features.

Pattern templates were developed using hidden Markov
models (HMMs). HMMs can be used to generate templates
from examples of speech, using very little prior knowledge
of the structure of the data. The HMM templates formed
the low-resolution representation within the multi-resolution
model. Speech was extracted from a mixed signal using these
templates, overriding low-level segregation cues provided by
pitch differences.

2.2. Stimuli

Natural vowel-nasal syllables were used for testing the model.
A minimum of 40 utterances of each of the six syllables /em/,
/en/, /om/, /on/, /um/ and /un/ were collected from 12 talkers (6
male, 6 female). Syllables from one of the talkers were not suf-
ficiently distinct to be consistently identified by human listeners
and were excluded from the experiments.

The clean speech syllables were mixed with three non-
speech sounds (broadband white noise, a steady sine-wave tone
and a rising sine-wave tone), and with three randomly selected
syllables produced by other talkers. The mixed stimuli were
used to test the ability of model to segregate speech from a mix-
ture of sounds.

2.3. General methods

The vowel-nasal stimuli, sampled at 22050 Hz, were analysed
using a Mel-scale filterbank with 60 filters ranging from 0 to 10
kHz and an analysis window of length 10 ms, shifted by 5 ms.
This resulted in a fairly high-resolution representation of each
syllable consisting of one frame per 5 ms divided into 60 fre-
quency channels. This representation was smoothed to produce
a low-resolution representation, using a two-dimensional Gaus-
sian filter specified by the standard deviations �� and �� in the
time and frequency dimensions, respectively; these two param-
eters could be varied independently. A range of 9 smoothing
filters was used to investigate the effects of differing resolution
on recognition performance.

The HTK toolkit [12] was used to train speaker-dependent
HMMs using half the smoothed clean syllables for each talker,
resulting in one template representing each phoneme, for each
talker and filter combination. Each template was defined by up
to 5 states that could be mapped onto a stimulus. The spectral
variation of the stimuli was specified by a mean and variance
for each frequency channel in each state of the template. These
templates were used to segregate speech from a mixed signal
by identifying the state corresponding to each time frame of the
test stimulus and using the means and variances to determine
how much of the signal was likely to be speech. For each time
frame and frequency channel, the signal was compared with a
boundary defined by the mean plus the standard deviation (i.e.
the square root of the variance) multiplied by a tolerance fac-
tor that allowed more or less of the signal to be considered as
matching the template. Any excess lying above the boundary
was considered not to be speech (Figure 1).

The success of the segregation process in separating the
speech from other features of the signal was evaluated by pass-
ing the extracted speech back into the recognition process as test
data, and calculating the percentage correct identification. The
results of this process were also compared with those obtained
from testing the mixed signal (i.e. before segregation) against

the HMMs trained on clean speech.
The segregation process described above required the iden-

tification of both the correct template and the segment bound-
aries in the test stimulus before each time frame could be
matched to a state of an HMM. Determining these properties
for speech in noisy conditions using HMMs is difficult and is a
major problem in automatic speech recognition.
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Figure 1: Upper part of the figure: the syllable /em/ mixed with
a rising pure tone mixed at 0 dB SNR. Lower part: a cross sec-
tion through the stimulus, along the vertical line shown above,
showing the amplitudes in each frequency channel for a single
time frame (solid line). The means (dotted line) and standard
deviations multiplied by the tolerance factor (dashed line) are
shown for the state of an HMM that corresponds to the stimulus
time frame. The peak corresponding to the pure tone extends
above the tolerance boundary. A tolerance factor of 2 was used
in this case.

The experiments described below used clean segmentation
information, obtained from testing the clean speech stimuli
against HMMs that were trained on clean speech. The seg-
mentation for each stimulus was then used during the process
of segregating that stimulus from its mixture with other sounds.
This is obviously a short-term solution to the problem of finding
the correct segmentation, discussed further below.

Two experiments were performed: the first tested the effect
of changing the amount of smoothing, and the second the ef-
fect of signal-to-noise ratio (SNR) on recognition performance.
Both experiments used an intermediate tolerance factor of 2.

3. Experiment 1: smoothing filter
Experiment 1 tested the effect of different amounts of smooth-
ing on the recognition performance of the model. Three forms
of the signal were available for testing recognition performance:



the original clean speech; the clean speech mixed with other
sounds; and the speech after extraction from the mixture.

3.1. Stimuli

Nine smoothing filters (including the unsmoothed case) were
used and were applied to clean, mixed and extracted syllables,
where the mixed syllables were either speech/non-speech or
mixed talkers. Speech was extracted from the mixtures using
the process described in section 2.3. Each type of signal (clean,
mixed and extracted) was tested against the HMM templates
derived from clean speech smoothed by the same filter. For the
mixed talkers, the two largest filters were omitted from the ex-
periment once it was clear that a similar pattern was emerging
as for the speech/non-speech stimuli.

3.2. Results
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Figure 2: Effect of smoothing filters on the recognition of clean
speech, mixed speech/non-speech, mixed talkers, and speech
extracted from these two mixtures. Error bars show standard
errors. Results for the best filter are highlighted.

Figure 2 shows the mean performance for each filter over
all talkers for clean, mixed speech/non-speech, mixed talk-
ers, and speech extracted from these two mixtures. A signifi-
cant effect of filter on recognition performance was found, us-
ing a one-way ANOVA, for the clean speech (F(1,8) = 7.94,
p � 0.01) and for the speech extracted from the speech/non-
speech mixture and mixed talkers (F(1,8)=88.50, p � 0.01 and
F(1,6)=18.31, p � 0.01, respectively), but not for the mixed
speech/non-speech (F(1,8)=0.2198, p=0.987), nor for the mixed
talkers (F(1,5)=1.4234, p=0.229).

Recognition performance, using the best smoothing filter
(1,0.5), for speech extracted from a speech/non-speech mixture
(86.9 %) or extracted from mixed talkers (83.1 %), was ap-
proaching that for clean speech (92.3 %); the performance was
much better than that for the mixed signals prior to segregation
(54.5 % and 65.4 % respectively), showing that the segregation
process was successful. Smoothing up to filter (1,0.5) caused no
deterioration in recognition performance, but performance was
reduced for larger filters.

4. Experiment 2: signal-to-noise ratio
Automatic speech recognisers using HMMs normally achieve
a much lower recognition performance for low signal-to-noise
ratio (SNR) compared with human performance. Experiment
2 tested the effect of different SNR on the recognition perfor-

mance for the mixed and extracted speech.

4.1. Stimuli

For experiment 2, a single smoothing filter (1,0.5) was used,
and the mixed speech/non-speech and mixed talker stimuli were
mixed at a range of signal-to-noise ratios, namely -24, -18, -
12, -6, 0, 6, 12 and 18 dB. The mixed and extracted speech
was tested against the clean speech templates as in the previous
experiment.

4.2. Results
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Figure 3: Effect of signal-to-noise ratio on the recognition of
speech mixed with non-speech, or extracted from this mixture,
for a single smoothing filter (1,0.5). Error bars show standard
errors.
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Figure 4: Effect of signal-to-noise ratio on the recognition of
speech mixed with other speech, or extracted from this mixture,
for a single smoothing filter (1, 0.5). Error bars show standard
errors.

The recognition performance before and after segregation
for mixed speech/non-speech and mixed talkers is shown in fig-
ures 3 and 4. In each case, recognition performance was much
higher for the extracted speech than for the mixed speech, as in
experiment 1, and showed improvement with increasing SNR.

In order to compare the effect of SNR on the two recogni-
tion methods (i.e. mixed data before segregation and extracted
data after segregation), each of the four sets of data was fitted
with a Boltzmann curve � �

�����

������������
� ��. The lower

and upper asymptotes (��� ��) and the slope (dx) were con-
strained to be identical for each of the two types of data (mixed



speech/non-speech or mixed talkers), since the lower asymptote
was expected to be around chance performance (41.7 %) and
the upper asymptote close to the performance for clean speech
(92.3 % in experiment 1). Fitting the curves to the mixed/non-
speech data gave �� � ���� � ���� �� � ���� � ���� �� �

���� � ���� �� � ���� and 	�
� ����	, with �� (mixed)

� ��� � ��� and �� (extracted) = ��	�� � ���, i.e. an im-
proved performance equivalent to an increase of 34.5 dB for the
extracted speech compared with the mixed speech/non-speech
stimuli. For the mixed talker data, the fitting parameters were:
�� � ���
����� �� � �������
� �� � �������� �� � ��
�
and 	�

� �����, with �� (mixed) � ��� � ��� and �� (ex-
tracted) � ��	�	 � ���, i.e. an improved performance of 15.6
dB for the extracted speech compared with the mixed talker
stimuli. Thus a decrease in SNR had a much smaller effect on
the extracted speech than on the mixed speech.

5. Discussion
Smoothing the signal by filter (1,0.5) or smaller (equivalent to
30 ms and 3 Mel frequency channels) caused no reduction in
performance, supporting a basic premise of the multi-resolution
model: that speech pattern templates, sufficient for identifying
phonemes, can be developed from smoothed representations of
examples of speech without detailed knowledge of the low-level
features of the speech signal. Recognition performance for the
extracted speech was close to that for clean speech, showing the
success of the segregation process.

A major assumption of the multi-resolution model is that
the acoustic signal is fused into a whole unless there is good
reason to segregate parts of it. In this implementation, no at-
tempt was made to identify cues for segregation, and the whole
signal was matched to the speech templates. Although parts of
the signal corresponding to the non-speech or secondary talker
were included in the extracted portion of the signal, this caused
only a small reduction in recognition performance for the ex-
tracted speech compared with clean speech.

A factor which would be expected to reduce the perfor-
mance in the model is the use of a more realistic segmentation
method. In the implementation described above, clean segmen-
tation was used, obtained from testing the clean speech stim-
uli against the HMM templates. An alternative segmentation
method would be expected to produce better performance than
that found by testing mixed signals against the HMMs, although
the performance is unlikely to reach that obtained using the
clean segmentation. Such a reduction in performance might be
offset if pitch differences were taken into account, since those
elements with very different characteristics to the speech would
be more likely to be segregated and might affect the best tem-
plate match. Pitch information would also be useful for de-
terming segmentation.

Automatic speech recognisers do not perform well in noisy
environments, particularly when the noise is not easy to pre-
dict. As signal-to-noise ratio decreases, the performance of
automatic speech recognisers deteriorates much more rapidly
than human recognition performance. For the multi-resolution
model, recognition performance deteriorated with decreasing
SNR, but the deterioration was much less marked for the ex-
tracted speech than for the mixed speech. For the mixed
speech/non-speech, the segregation process produced an im-
provement in performance over the mixed signal equivalent to
an increase in SNR of 34.5 dB; for the mixed talkers the im-
provement was 15.6 dB. These improvements are very large and
are consistent with the behaviour seen for human listeners [2].

Overall, the results obtained from this implementation sup-
port the proposals for the multi-resolution model. Speech can
be identified using low-resolution pattern templates developed
from examples of speech without the need for identification of
low-level acoustic features, and may be segregated from other
sounds by matching the whole acoustic signal to previously
learned templates. Extracting speech in this way produced good
recognition performance, even without using pitch information
to segregate features of the signal that were clearly from differ-
ent sources. Recognition performance for the segregated speech
was close to that obtained for clean speech, and much higher
(i.e. equivalent to an increase in SNR of more than 15 dB) than
that obtained when attempting to recognise the speech using the
whole signal.
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