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Affricates

Affricates are acoustically related to fricatives and the two are at times manipulated using
the same techniques (Wang, 2006). Affricates are produced by creating a buildup of pressure
behind a constriction formed in the vocal cavity. The configuration of the vocal tract is
such that the release of the stricture does not immediately release the pressure built up
behind it (Stevens, 1998). After a few milliseconds, the pressure is released resulting in the
production of frication. This leads to the affricate being phonetically characterised as a
stop followed by a fricative.

While fricatives and affricates have very similar acoustic-phonetic properties, they can be
differentiated. Both perceptual and statistical analyses have shown that fricative duration
is a useful cue for discriminating between fricatives and affricates with affricates having the
shorter duration (Castleman and Diehl, 1996; Mitani et al., 2006; Cohen et al., 1962). It
has also been shown that there are systematic differences between the energy onset and
decay times of fricatives and affricates, where shorter onsets were perceptually associated
with affricates (Cutting and Rosner, 1974). Experiments performed by Mitani et al. (2006)
confirmed the use of onset times as a differentiating cue and, furthermore, showed that there
is an interaction between the cues of duration and onset time.

The features listed above (duration of frication; absence of voicing; spectral shape;
relative amplitude of fricatives to the following vowel; location of the most dominant spectral
peak) are useful for classification of obstruents. However, they may not be relevant for

segmentation of speech in noise. Fricative duration may be disrupted in noise; the value
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of frication noise in determining the place of articulation is reduced when high frequency
regions are disrupted (Kasturi and Loizou, 2002). When the noise source is harmonic,
there will at times be overlap between voiced and unvoiced speech segments, in which case,
the absence of voicing will not be a reliable cue. In the instances where two voiceless
consonants are mixed, the absence of voicing cannot be effective for segmentation. The
cues of spectral shape and relative amplitude are interdependent (Ali et al., 2001a). The
spectral shape property employed for fricative classification is useful for determining place
of articulation, but it is generally a qualitative measure; further it seems that there is a
frequency dependence which makes the cue unreliable (Hedrick and Ohde, 1993). It has
also been shown that distortion of relative amplitude features leads to mis-recognition of
some fricatives (Hedrick and Ohde, 1993). Even where there is no direct masking of the
affricate, the possibility of the following vowel being masked suggests that the relative

amplitude cue may not be useful for speech segmentation.

Unvoiced Stops

The other consonant class of interest is the stops. Two of the major differences between
stops and obstruents are: 1) stops have a complete closure along the vocal tract rather than
a narrow constriction and 2) the obstruents are continuants — they can be prolonged by
the speaker. The stops can be further sub-divided based on the place of articulation. The
acoustic realisation of a stop is a short, unsustainable burst of noise. Spectrally, stops are
characterised by an abrupt increase in spectral amplitude across frequency accompanied

by a sudden change in the spectral shape (Stevens, 1980; Ali et al., 2001b). Of the many



features derived from the acoustic-phonetic properties of stop consonants, several have been
proposed for classification. Of these, the burst spectrum, burst amplitude and formant
transitions have been consistently shown to be the most useful (Ali et al., 2001b; Dorman
et al., 1977; Stevens, 1998).

The burst spectrum and formant transitions — in particular, the second and third for-
mants - associated with stop consonants are closely related perceptual cues for the recog-
nition of stop consonants. They are highly context dependent and are thus, not necessarily
invariant enough to be directly used as a feature for stop classification. Additionally, these
two cues have been found to be perceptually equivalent and complementary, i.e., one is
significant when the other is not (Dorman et al., 1977).

Burst amplitude, duration and voicing have also been proposed as cues for detection
of stop consonants (Ali et al., 2001b). Burst amplitude in and of itself is not sufficiently
invariant to serve as a cue for stop classification. However, the relationship between burst
amplitude and the amplitude of the following vowel can be modelled (Stevens, 1998). It has
been noted that burst amplitude seems to play less of a role than the spectrum (Ali et al.,
2001b).

Stop consonants have more than one transition point: There is the point where the
initial closure is released and one where the burst changes to the vowel. The duration of
each of these regions has been studied to determine their utility in detecting stops. The
analysis of duration performed by Ali et al. (2001b) brought them to the conclusion that the
interval between the release and the vowel onset played a significant role in the detection

of voicing - the interval in unvoiced stops was longer than that in voiced stops.
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Given the complexity and interdependence of these varied cues, it is difficult for any
single cue to consistently identify all subgroups of stops. This has led researchers to use
different combinations of these cues in their attempts at stop classification. The approach
taken by Ali et al. (2001b) is to combine expert knowledge with robust statistical techniques
in a knowledge based system, which they used to successfully classify stops in continuous
speech that was free from interference. What they found was that the individual features
were not consistently invariant, but their relationships to each other generally were. This
interaction of cues was also identified in Section 7.2.1 in reference to affricate discrimination
and suggests that combining multiple cues could enhance consonant recognition as a whole.

A Bayesian approach to stop classification was adopted by Hu and Wang, who used
spectral amplitude and shape, relative intensity and intensity decay time as features for
segmenting stops from non-speech interference (Hu and Wang, 2003; Wang, 2006). First,
the voiced portion of speech was removed; the unvoiced region was then segmented based
on onset synchrony. Separate distributions were trained for stops and interference and a
Bayesian decision rule was used to distinguish a stop burst from interference. The focus
was on the burst region of the stop as it was found to be less susceptible to interference and
easier to detect than formant transitions.

Of the three main cues proposed for stop identification and classification, burst ampli-
tude may be the most useful for segmentation even though it may not be invariant enough
for classification. Duration can be disrupted by the overlap of speech segments, while voic-
ing is known to be susceptible to masking by noise (Parikh and Loizou, 2005). Distortion

of relative amplitude features leads to mis-recognition of some unvoiced stops (Ohde and
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Stevens, 1983; Hedrick and Ohde, 1996) making relative amplitude a poor cue for segmenta-
tion. It is accepted, however, that the absolute energy of stop bursts is reasonably high, this
may result in the presence of resolvable energy peaks that can be used to segment energy

originating from stops from the energy surrounding them, even in noisy conditions.

7.2.2 Cues for Segmenting Unvoiced Speech

From the above discussion it would appear that the majority of cues used for classifying
unvoiced speech are unlikely to be robust enough to be useful for segmentation. It is
apparent however, that there will be local spectro-temporal regions where the energy of
individual signals will be unmasked; this can be exploited to segment the mixtures into
isolated regions of coherent energy. Some of these regions will be temporally asynchronous
and of limited extent. However, it has been shown that listeners can combine, apparently
unrelated, glimpses of spectral energy to correctly identify speech in noise (Buss et al., 2003,
2004).

Brungart et al. (2006) tested the ability of speakers to segment monaurally-mixed syn-
thetic utterances that lacked many of the features, such as periodicity, used to segment
natural speech. The signals assessed were: sine-wave speech (SWS); modulated noise-band
(MNB) speech and modulated sine-band (MSB) speech. SWS uses sinusoids to represent
the formants in such a way as to remove the spectral fine structure, however, it seems that
it retains the pitch differences listeners use to distinguish gender (Fellowes et al., 1997).
MNB speech is produced by extracting the spectral envelope in a number of sub-bands and

using the envelopes to modulate a broadband noise source, realising an utterance that is



acoustically and perceptually similar to whispered speech; MSB speech is similar to MNB
except that the extracted spectral envelopes are used to modulate logarithmically spaced
sinusoids instead of noise (Brungart et al., 2006). Commands from the Coordinate Resource
Measure (CRM) corpus (Bolia et al., 2000) were re-synthesised for the task and listeners
were asked to report the colour and number spoken by the talker that spoke the keyword
“Baron” — see Brungart et al. (2006) for details. There were three sub-tasks with differing
configurations of target and masker: 1) the masker and target were of differing gender; 2)
the masker and target were of the same gender and 3) both utterances were spoken by the
same talker.

In the sub-tasks where there was no gender difference, MNB and MSB speech were
found to be more intelligible than SWS at positive SNRs; the result was reversed as the
SNR became less favourable. The explanation offered for this phenomenon was that the
MNB and MSB signals had a greater spectral overlap than SWS signals. At positive SNRs
the effect was a reduction in the effect of informational masking — leading to improved
target recognition for MNB and MSB speech. With negative SNR values there was an
increase in energetic masking and a reduction in recognition performance; this ran counter
to experiments with normal speech, where listeners were able to attend to the quieter target
and increase recognition accuracy as SNR decreased (Brungart, 2001). For the ‘different
gender’ sub-task, listeners performed better when listening to SWS speech, confirming the
postulate that the variations in the formant structure of SWS signals led to the retention of
pitch information. The experimental outcomes served to highlight the importance of pitch

as a segmentation cue and the difficulty human listeners face with segmenting mixtures of
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unvoiced speech. The conclusions suggested that listeners use coarse spectral differences to
segment speech in the absence of stronger cues, such as pitch differences.

It is generally accepted that segmenting speech mixtures is more difficult if the con-
stituent utterances have the same F0. This has been shown to be true for synthetic double
vowels (Assmann and Summerfield, 1990; Meddis and Hewitt, 1992; de Cheveigné, 1993;
Summerfield and Culling, 1994; Bird and Darwin, 1998), as well as sentences (Brokx and
Nooteboom, 1982; Bird and Darwin, 1998). Brokx and Nooteboom (1982) used mixtures of
re-synthesised sentences with monotonous pitch to study the effect of varying the difference
in pitch between individual utterances. They took care to remove speaker differences and
semantic cues. In general, mixtures with no pitch difference will be devoid of normal peri-
odic and spectral cues and will, in that sense, mimic unvoiced speech; thus only the same
pitch condition will be discussed. Brokx and Nooteboom came to the conclusion that when
there is little or no difference in the FO of the sentences, perceptual fusion, caused by the
lack of FO discriminability, could cause listeners to track the wrong message. They further
hypothesised that listeners took advantage of the fluctuations in local energy values and
recognised target speech through gaps left by the masking sentence. This concept of recog-
nising speech from spectro-temporal glimpses is supported by several studies (Miller and
Licklider, 1950; Howard-Jones and Rosen, 1993; Assmann and Summerfield, 1994; Culling
and Darwin, 1994; Assmann, 1996; Cooke, 2003; Freyman et al., 2004; Cooke, 2006). Bird
and Darwin (1998) repeated these experiments using completely voiced masking sentences.
When the number of gaps in the masker is reduced — by making the masker entirely voiced,

and reducing the number of stop consonants, thereby reducing the number of onset and
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offset cues — it is found that recognition rates in the same F0 condition fell significantly.

One implication from the study conducted by Bird and Darwin (1998) is that the sparse-
ness of unvoiced speech makes it possible to exploit glimpses for segmentation. It must be
noted though, that for unvoiced speech the glimpses may be small, as more spectral overlap
could occur owing to the lack of modulation in the masker (Cooke, 2006). In the context
of the current work, the size of the glimpses may be of limited consequence, given that the
fragments derived from unvoiced speech will combine with fragments of voiced speech to
inform the final recognition hypothesis.

Bird and Darwin (1998) in an analysis of the results of the study by Brokx and Noote-
boom (1982), pointed out that common onset and offset cues were a factor influencing the
segmentation of the sentences with a common FO. This supports evidence that highlights

the utility of these cues for segmentation (Bregman, 1990; Darwin, 1997).

7.3 An Approach for Segmenting Unvoiced Speech

In the previous section, the properties of unvoiced consonants, and techniques for classi-
fying and segmenting them, were discussed. These techniques were developed to work for
clean speech or speech mixed with non-speech interference. For example, Hu and Wang’s
algorithms work by assuming that the acoustic-phonetic properties of unvoiced speech re-
main distinct when speech is mixed with non-speech interference (Wang, 2006). This is
not necessarily the case when the interference is speech, especially where it is likely that
both voiced and unvoiced speech will overlap. While the research reviewed in the previous

section points to cues that discriminate between unvoiced speech and other phone typcs.
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there seems to be a sparsity of work that addresses the segmentation of mixtures of unvoiced
speech. This may be because many of the cues used for unvoiced speech segmentation are
difficult to detect in the presence of interference, this may be compounded when there is
speech-like interference. The studies reviewed in Sections 7.2.1 and 7.2.2 suggest that the
majority of cues used for the classification of unvoiced speech are not robust enough for
segmentation. It is further suggested that segmentation can be achieved by exploiting the
coarse spectral differences between the sources in a mixture. The proposed approach will
take advantage of this to segment mixtures of unvoiced speech based on a combination of
local energy differences and common onset cues.

Different effects can occur given the composition of the overlapped regions — whether
they are voiced/voiced; voiced /unvoiced or unvoiced /unvoiced. The first condition involves
only voiced speech and is dealt with by a separate process (see Chapter 6). Voiced speech
tends to have the majority of its energy focused in the lower frequency regions, while
unvoiced speech will have significant energy in high frequencies. Thus, when voiced and
unvoiced speech are combined, even though voiced speech will likely be more energetic
than unvoiced speech, there will be gaps through which unvoiced speech will be ‘visible’.
Despite the obvious overlap of energy that can occur when two unvoiced speech sources are
mixed, it is unlikely that all the energy arising from one source will be completely masked
by the competing source. This may hold true even in the instances where the sources are,
temporally, well aligned. In this case, there will be local time-frequency regions where the
energy of one or the other source dominates. Thus, even if there was perfect temporal

alignment, the sources might be separable across frequency. Despite the synchronicity
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brought about by the mixing of the sources, each source has the capacity for producing
resolvable energy peaks - a property which can be exploited by algorithms that can detect
and segment energy maxima into separate regions.

The technique proposed in this work for the segmentation of unvoiced speech takes
advantage of the assertions made above. It employs a process known as marker-controlled
watershed segmentation; which is a standard technique, employed in the image processing
literature for image segmentation. The watershed algorithm is used to segment regions
surrounding local minima (Meyer and Beucher, 1990). The adoption of image processing
techniques to segment spectro-temporal representations is similar in spirit to the work of
Hu and Wang (2004a). The current work takes a step forward by applying these techniques

to mixtures of speech and non-stationary noise.

7.3.1 The Watershed Algorithm

The watershed algorithm is used for morphological segmentation, which treats images as
topographic surfaces (Gonzalez et al., 2004). The inspiration for the name comes from the
topographic features of watersheds and catchment basins. Consider a topographic region
where two valleys are separated by a single peak; water that falls on the peak will flow into
one or other of the valleys. These valleys form two catchment regions which are separated
by the peak, or watershed line (see Figure 7.1). Following the analogy, the simple aim of
the algorithm is to flood the catchment basins, thus highlighting the connected watershed
lines.

In a digital image, the catchment basin represents a minimum intensity value and the
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Figure 7.1: The watershed algorithm — commonly used for segmentation in the image pro-
cessing community Gonzalez et al. (2004) — segments an intensity map by considering the
map as a surface, and then calculating the watershed capture area around each local minima
(i.e. consider the region around each minima from which water would be captured if it fell
on the surface). In the figure, the minima A, B, and C would be separated by the watershed
lines marked. Clearly, the same technique can be employed to segment local maxima by
inverting the intensity axis before applying the algorithm. [Figure reproduced from Coy
and Barker (2007)]

watershed line marks the region within which all the pixels are connected. Defining these
minima is quite challenging in a digital image and this has led to the development of
several algorithms for solving the problem. One of the most practical and efficient of these
algorithms was developed by Vincent and Soille (1991). To illustrate their algorithm they
proposed a topographic region, with holes at the minima, which was slowly lowered into a
body of water. This immersion floods the catchment basins from the bottom up. As the

flooding continued, dams were erected around the catchment areas to prevent water spilling
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out of one into the other - these dams represented the watershed lines.

The algorithm implemented a two-stage process, where the pixels of an image were first
sorted according to their intensity values before the flooding of the catchment basins began.
With access to the intensity value of a pixel, it was easier to determine which catchment
basin it belonged. A pixel was included in a catchment basin C if its distance to C was
smaller than that to any other catchment basin.

Figure 7.2 shows the outcome of applying the watershed algorithm to simple synthetic
sounds. Variation in the energy profiles of the signals leads to several fragments being
formed from what a listener would perceive as a single continuous sound. The number of

fragments formed can be controlled by a tuning parameter described in Section 7.4

7.3.2 Applying Watershed Segmentation to Unvoiced Speech

When segmenting unvoiced speech, the energy regions are negated so that local energy max-
ima become local energy minima (this is done simply because the aim is to locate maxima,
whereas the watershed algorithm finds minima). As the unvoiced regions of speech are
inherently noisy, there are likely to be many insignificant local minima, so a direct applica-
tion of the watershed algorithm would over-segment the image (Figure 7.3 illustrates this).
Over-segmentation is undesirable for two reasons: Firstly, because it produces an inordinate
number of fragments, which places a large computational burden on the decoder. Secondly,
over-segmentation reduces the strength of potentially valuable bottom-up constraints by
creating smaller fragments with less temporal extent, thereby erasing temporal cues. The

solution — developed within the image processing community — is to use marker controls
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Figure 7.2: Auditory spectrograms of synthetic sounds and the regions defined by the wa-
tershed algorithm. A — the ringing of a telephone and the output of the watershed algorithm
(C). The regions of similar energy are grouped together forming several disconnected frag-
ments of energy. B — a frequency modulated tone and its fragments (D).

(Meyer and Beucher, 1990): significant local minima are marked and remaining minima
are removed using smoothing. The significant local minima are defined as points around
which a closed and fully connected boundary can be drawn such that all the points on
the boundary exceed the minima defined by a threshold, Ey. Once significant minima are
located, they are highlighted and enhanced by setting the regions outside the boundaries
to zero. This technique effectively smooths away all unmarked, insignificant minima. After

smoothing, the watershed algorithm will return one region for each significant minimums3.

3These steps can be implemented using the imextendedmin, imimposemin and watershed functions in the
MATLAB image processing toolbox (MathWorks).
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Figure 7.3: (A) - An auditory spectrogram of a whispered speech mixture. When the water-
shed algorithm is applied without marking the boundaries of significant energy peaks, the
signal is over-segmented (B). By applying morphological smoothing, the over-segmentation
problem is addressed (C). There are 79 fragments in B and only 41 fragments C.

The threshold E, effectively controls the degree of smoothing. An appropriate degree of
smoothing is necessary to avoid both over-segmentation and under-segmentation. The prob-
lems associated with over-segmentation have already been outlined. Under-segmentation
is equally problematic as it results in incoherent fragments that cannot be unambiguously
assigned to either foreground or background.

In a final step, the number of fragments are reduced by merging fragments that have a
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common onset. This follows Bregman’s principle of common onset grouping, i.e. acoustic
events that onset synchronously are likely to be due to the same acoustic source (Bregman,
1990). This also implements the idea of employing multiple cues to enhance segmentation
(see Section 7.2.1). Grouping by common onset is especially advantageous because, by
acting across frequency, it reduces the total number of fragments present within a single
10 ms windowed frame — this reduction in the number of simultaneously active groups, N,,
greatly reduces the search space of the decoder (see Section 3.6.3).

Previous studies have taken into account common offset as well as common onset for
segmentation (Cooke, 1993; Brown and Cooke, 1994a). However, it is thought that humans
employ common offset cues less than they do common onset when segmenting an auditory
scene (Carlyon, 2004). Further, this cue is not always consistent (Smaragdis, 2001) and has

not been employed in the present work.

7.4 System Tuning and Evaluation

The effect of the smoothing threshold, Ey, on segmentation is investigated in this section.
As discussed in the previous section, the value of Ey controls the level of segmentation.
As such, it is important that an appropriate value is set for this tuning parameter. An
effective way to evaluate the effect of varying its value is to examine the coherence of the
fragments produced by said variations. The concept of coherence, introduced in the previous
chapter as a measure of fragment quality, essentially determines the extent to which the

time-frequency regions of a fragment are derived from a single source.



7.4.1 Unvoiced Data

A test set of monaurally mixed, unvoiced speech data was created to be used for the tuning
of Ey. The digit strings were drawn from the clean training set of the Aurora 2 database; they
were end-pointed then matched for length. These utterances consisted of both voiced and
unvoiced regions and thus needed to be re-synthesised to remove the harmonic excitation.
After the length-matching procedure, a set of one hundred pairs of files of similar length was
randomly chosen for re-synthesis. The data were spoken by 26 male and 43 female speakers
with an average of 3 digits in each unmixed digit string. Of the 200 utterances there were
58 with the same length — the margin of overlap difference was negligible at 65 x 107® ms.
The data were then processed using the high quality vocoder, STRAIGHT (Kawahara
et al., 1999). Liu and Kewley-Port (2004b) have found that STRAIGHT provides a reliable
method of re-synthesising vowel formants and gives similar results to the Klatt synthesiser
(Klatt, 1980). The quality of the algorithm and the simplicity with which parameter manip-
ulation can be accomplished has seen STRAIGHT utilised in a wide range of experiments,
in many domains, ranging from the determination of speaker characteristics to musical in-
strument perception (Saitou et al., 2005; Ives et al., 2005; Smith and Patterson, 2005; Liu
and Kewley-Port, 2004a; van Dinther and Patterson, 2006; von Kriegstein et al., 2006).
The processing took the following form: Firstly, the source parameters were extracted
from each file. The source parameters consisted of the fundamental frequency and an
aperiodicity indez which is a time-frequency representation of the periodicity of the input

signal. The robustness of the FO extraction is enhanced by using multiple periodicity cues to
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derive the final contour (Kawahara et al., 2005). The fundamental frequency was employed
in the extraction of the spectral envelope. The signal’s FO was used to adaptively smooth
the spectral envelope, such that the final output was virtually free from the influence of
periodicity. Whispered speech was then produced by manipulating the aperiodicity index
to reflect the aperiodic nature of the expected output. The modified aperiodicity index was
combined with the FO and envelope parameters to produce whispered speech — informal
listening tests confirmed the quality of the re-synthesised signals. Finally, the ‘whispered’
speech files were mixed at 0 dB in the time domain to produce 100 mixtures of completely
unvoiced speech. An example of the output of the re-synthesis procedure is shown in Figure
7.4.

As well as the expected absence of periodicity, other acoustic characteristics of whispered
speech are very different to those of phonated speech. Notably, the amplitude of vowels is
lower than that of consonants in whispered speech - voiced consonants also have a reduced
amplitude, relative to unvoiced consonants (Ito et al., 2005). Ito et al. (2005) also found that
the first and second formants (F1 and F2) of whispered were shifted upward by an average
of 40% and 10%, respectively, compared to their voiced counterparts. The recognition of
whispered speech is affected by the difference in parameters, with word accuracy falling by

50% when models trained on regular speech are used to recognise whispered speech.

7.4.2 Experiments

The whispered speech mixtures were segmented using the marker-controlled watershed seg-

mentation, creating a number of fragments from each mixture. The coherence of a fragment
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Figure 7.4: Auditory spectrogram of the digit string “nine four six“ uttered by a female

speaker before (A) and after (B) re-synthesis. Note the smearing of the formants.

was calculated by comparing it to the a priori mask of each unmixed source. With access

to the unmixed speech files, it is possible to segment the mixture into a set of masks that

are totally coherent — a priori masks. A priori masks were developed for the dataset as

described in Section 6.5.4. The average coherence was calculated across all fragments in the

data set by weighting each fragment by its size and dividing by the sum of the size of all

fragments in the dataset. This was recalculated for 10 separate values of Ey ranging from

0.1 to 1.0. Figure 7.5 shows that increasing the value of E, causes fragment coherence to

decrease in a generally linear fashion.
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Figure 7.5: The coherence of the fragments produced using marker-controlled watershed
segmentation varies with the level of smoothing applied to the unsegmented input. By
varying the tuning threshold Ey, it is possible to investigate how coherence changes with
the smoothing threshold. Common onset grouping can be applied to reduce the number of
fragments (see the text for details). Coherence of fragments generated, with and without
common onset grouping is plotted.

While the grouping of fragments with a common onset reduces the number of frag-
ments, it may have the undesirable effect of reducing coherence by merging fragments from
unrelated sources. To test whether this is the case with the fragments derived using the

watershed segmentation, a separate set of fragments was created. The new set was created
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by applying marker-controlled segmentation to the whispered speech data using the same
range of values for Ey. This time however, the algorithm which groups fragments by com-
.mon onset was not applied. The coherence of these fragments was also calculated. The
results (see Figure 7.5) show that the application of common onset grouping causes a small
decrease (3%) in average coherence, which is slightly less at values of E, above 0.6. This
reduction in coherence occurs as a consequence of merging fragments and suggests that the
common onset cue may not always be a reliable one.

Coherence gives a measure of the quality of the fragments produced by the proposed
segmentation algorithm. There is however, a related property of these ffagments that will
impact the recognition performance: The size of the derived fragments, which is directly
proportional to the number of fragments, has to be considered. Smaller fragments are
likely to have a high coherence, however, with smaller, more numerous fragments, some
of the primitive grouping cues, such as temporal continuity and common-fate, could be
eliminated. Thus, when selecting a value for Ey, a balance has to be struck between the size
and coherence of the fragments produced.

Figure 7.6 shows how fragment size varies with E,. Fragment size increases almost
linearly with increasing values of E,. This is the case whether or not common onset grouping
is applied. As expected, common onset grouping — when it is applied — produces fragments
that are larger than those produced when this techﬁique is not employed. This holds true
across the range of E,.

Taken together, Figures 7.5 and 7.6 suggest that there is an inverse relation between

the size and coherence of fragments arising from the segmentation process. This seems to
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Figure 7.6: The plot shows fragment size against Ey for a range of Ey with and without
common onset grouping. As Ey is varied, fragment size is affected.

indicate is that there are ‘islands’ of resolvable energy from each source within the mixture.
In order to take full advantage of this, it is important to remove the spurious energy peaks
that are present in the representation. These peaks have the effect of warping the borders
of potential fragments, leading to a drop in the average fragment coherence. By applying
an appropriate level of smoothing, the borders can be redefined in such a way as to increase
the average fragment coherence. This has the added advantage of reducing the number of

fragments that will have to be manipulated when the fragments are processed at a later
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stage.

7.5 Summary

This chapter has discussed the segmentation of unvoiced speech, a topic that has been largely
overlooked in the literature on speech segmentation. However, unvoiced speech segmentation
is motivated by the knowledge that unvoiced speech carries much linguistic information,
which assists in human speech perception. Further incentive was provided by the fact that
some consonant classes (the representatives of unvoiced speech in English) have been shown
to be generally less susceptible to noise degradation than voiced speech. There are myriad
cues for classifying unvoiced speech sounds. However, it would appear that none of them is
robust enough to be used for segmentation. Such susceptibility to noise notwithstanding,
the isolated glimpses of coherent spectral energy that occur when different sources overlap
are known to be exploitable for source segmentation. The watershed algorithm is utilised to
take advantage of the presence of these glimpses. The algorithm groups regions of similar
spectral content into isolated fragments. Experiments with mixtures of whispered speech
have given rise to fragments with high coherence. However, when the average coherence
of these fragments is compared to that of voiced fragments (see Section 6.5.4) it becomes
evident that the cues employed for segmentation of unvoiced speech are not as powerful as
those employed for the segmentation of voiced speech.

While the processes used to segment speech in this and the previous chapter have been
shown to produce comparatively coherent fragments, it is important to consider how these

fragments perform in ASR. The following chapter will explore this.



Chapter 8

Full System Evaluation

A series of speech recognition experiments has been carried out to test the performance
of the speech fragment decoder (SFD) with fragments created using the speech segmen-
tation system developed in previous chapters. Section 8.1 introduces and motivates the
evaluation. In Section 8.2 speech recognition experiments are carried out with a corpus
of monaurally-mixed digit strings. Alpha-digit experiments with sentence-length utterances
are performed in Section 8.3, while Section 8.4 makes a comparison between the perfor-
mance of the speech fragment decoder and human speech recognition on the same tasks.

The chapter is summarised in Section 8.5

8.1 Introduction

The aim of the system is to recognise speech in the presence of an interfering speaker
using fragments derived from a speech segmentation system exploiting primitive grouping
constraints. Thus, the final evaluation of the system must be automatic speech recognition

(ASR) experiments.
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The grouping constraints are utilised as a method of partially segmenting the acoustic
input of each source. This segmentation has been achieved in four stages: Firstly, the
multiple-pitch determinationvalgorithm (see Chapter 4) was developed and shown to be
able to determine the pitches of both sources in a two-source mixture with a high degree
of accuracy. The second stage (Chapter 5) involves the use of a novel multi-pitch tracking
algorithm, which outperformed a state-of the-art multi-pitch tracker, being able to form
pitch-track segments for both sources from the candidates proposed in the previous stage.
Voiced-speech was segmented in the third stage (Chapter 6), which employed the pitch track
segments to produce a set of coherent fragments. Finally, unvoiced-speech was segmented
(Chapter 7). However, signal segmentation is not an end in itself, but an essential step on
the path to recognition and correct segmentation is not a guarantee of accurate recognition
performance — see Barker and Coy (2005) for a discussion. There are a number of reasons
for this. Firstly, the partial organisation provided by the primitive segmentation is not
enough to provide an unambiguous interpretation of the auditory scene. The schema-driven
processes in the recognition engine are thus required to complete the segmentation, which
it may not do without errors, even if primitive segmentation is flawless. Secondly, there is
no long-term grouping constraint in the fragments proposed by the signal-driven system.
Thus, it is the job of the decoder to identify fragments that are related but are separated
in time. This can also lead to errors.

A coupling of the segmentation and recognition stages can be introduced within the
missing data framework by allowing the recognition stage to search over a set of alternative

segmentations. One implementation of this idea is the speech fragment decoding (SFD)



technique which generates segmentations based on a set of source fragments proposed by
the primitive grouping processes. The theory of this technique has been outlined Barker
et al. (2005) (see also Chapter 3), but the lack of an adequate model of primitive grouping
prevented this earlier work from fully demonstrating the potential of the approach. This
current work represents an attempt to exploit that potential.

The experiments performed in this chapter are designed to jointly test the power of the
segmentation process and the decoding performed by the SFD. This is achieved by using
the fragments and ‘fuzzy’ confidence map derived from the segmentation component of the
system in the decoding (see Chapter 6). The data employed cover a range of signal levels
and interference (matched-gender, mixed-gender and same-speaker). In order to provide a
thorough evaluation, two separate datasets have been employed: The first is a challenging

connected digit task, while the second is a more challenging alpha-digit recognition task.

8.2 Experiments with Digit Strings

The speech recognition experiments described in this section employ the fragments devel-
oped according to the novel procedures described in Chapters 6 and 7. In conjunction with
the speech fragment decoding technique described in Chapter 3.

A set of monaurally mixed digit strings has been constructed for use in these experiments.
Digit strings are taken from the clean utterances in the Aurora 2 corpus - test set A (Hirsch
and Pearce, 2000). An end-point detection algorithm is used to remove the silences at the

beginning and end of the speech files (Rabiner and Sambur, 1975). The ‘de-silenced’ files are



235

approximately matched for length and artificially mixed in the time domain. The shorter
of each pair is padded with zeros (equally at either end) to match the size of the longer
signal. From these pairs, 1000 mixed utterances are chosen, with the average difference in
length being 0.3%; only 35 pairs have a difference of greater than 1%. Of the 1000, 484
are mixtures of male and female speech; both speakers in the remaining mixtures are of the
same gender. Using the same pairs of utterances, the mixing process is repeated for several
target-to-masker ratios (TMRs); from —9 dB to 9 dB in 3 dB steps. The TMR is varied by
altering the global signal-to-noise ratio (SNR) of one source (the masker) and keeping the
global SNR of the other source (the target) constant.

The acoustic data were parameterised using an auditory spectrogram representation,
which is very similar to the ratemap representation employed by Cooke (1993). The acous-
tic signal was passed through a bank of 64 gammatone filters (centre frequencies equally
spaced on an ERB scale from 50 Hz to 3850 Hz) — this is the same filtering applied in
the fragment generation process (see Chapter 4). The instantaneous Hilbert envelope of
the filterbank output was smoothed using a first order filter with an 8 ms time constant.
The smoothed envelope in each channel was then sampled at a 10 ms frame rate producing
64-dimensional feature vectors. Cube root compression was then applied to the envelope
values to approximately model the energy-to-loudness mapping of the ear. Finally, delta
features were estimated, using a five-frame linear regression, and appended to the feature
vector. Whole word, gender-dependent HMMs were trained using the clean speech data in
the Aurora 2 training set (8440 utterances). The HMMs had 16 states in a left-to-right,

no-skip topology. Each state was modelled with a mixture of seven Gaussian distributions
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with diagonal covariance matrices. A single-state silence model was constructed to model
possible inter-digit pauses.

A baseline system was developed. HMMs with an identical topology were trained on 13
MFCC features (derived from the clean training data) along with their deltas and acceler-
ations.

The parameters for the multiple pitch determination algorithm, voiced and unvoiced-
speech segmentation were set to the values shown in Table 8.1. These values were set based
on the evaluations performed in the previous chapters, as well as recognition experiments
performed on a set of 10 mixtures produced from the training data and prepared as above.
The parameters of the multiple-pitch tracker were set during development (see Chapter 5)

and are not tuned further.

Parameter Algorithm Chapter Value
0, Multiple Pitch Determination 4 0.7
0, Voiced-Speech Segmentation 6 0.8
E, Unvoiced-Speech Segmentation 7 0.7

Table 8.1: Parameters used in the primitive segmentation stage and their values.

The section proceeds as follows: Section 8.2.2 discusses the concept of the a priori
fragments that play an important part in the evaluation process. The results of decoding
with the SFD for mized-gender utterances are given in Section 8.2.3 and the results for
matched-gender utterances in Section 8.2.4. The digit experiments are concluded with an
interim discussion in Section 8.2.5, which raises issues that are further addressed by the

alpha-digit experiments that follow.
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8.2.1 Statistical Significance

One important issue to consider when comparing the recognition performance of different
systems is the significance of the difference in recognition accuracies. Without an analysis
of statistical significance it is difficult to know whether performance differences (usually
measured in terms of differences in word error rate) are meaningful. While a number of
suggestions have been made (see Gillick and Cox, 1989; Strik et al., 2001, for examples)
there remains the challenge of determining which significance test is most appropriate for
this task.

The test employed for this work is a ‘Matched Pairs Test’ suggested by Gillick and Cox
(1989) (also referred to by Pallet et al. (1990) as the Matched Pairs Sentence-Segment Word
Error test). The test is a parametric test that compares the numbers of errors made by two
models. The errors can be calculated from segments of different sizes, with the single (and
quite important) requirement that the segments chosen should be independent. This allows
the use of an entire utterance as a segment. Given a large number of utterances, the central
limit theorem suggests that the number of errors are, approximately, normally distributed.
This test is essentially a t-test for estimating the mean difference of normal distributions

with unknown variances. Significance is judged at the p = 0.05 level.
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8.2.2 A priori Fragments

With access to the unmixed target and masker signals it is possible to segment the mixture
into a set of fragments that are totally coherent, referred to as a priori fragments. Experi-
ments using such fragments provide an approximate upper bound on the performance that
can be expected from a high quality fragment generation process. A priori results also help
to establish which part of the system is responsible for the majority of errors: the fragment
generation process or the top-down model matching. A prior:i fragments are developed by
comparing the time-frequency representations of the mixed and unmixed signals. For ex-
ample, consider a two source mixture: the spectro-temporal regions of sourcel that, in the
mixture, are observed to be undisturbed by source2, can be assigned to sourcel, and vice
versa 1. This step segments the mixture into two a priori masks, representing, separately,
the regions dominated by source! and source2. The mask for each source is then segmented
into a number of fragments. Here, this is performed by segmenting the masks at time frames
corresponding to energy minima in the corresponding source’s signal. Any segmentation of
the a priori mask will produce a set of coherent fragments; this method is chosen in an
attempt to model the fragments that might be produced by a robust, signal-driven segmen-
tation process. The approximately, syllable-sized sets of fragments generated for sourcel

and source?2 are then combined to form a common set.

'For the purpose of creating the masks, a source is considered to be ‘undisturbed’ if it has a signal-to-noise
ratio which is 3 dB greater than the competing source. The value of 3 dB follows the work of Cooke et al.
(2001a); however, other values, such as 0 dB have been used (see Roman et al., 2001, for example).
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8.2.3 Mixed-Gender Mixtures

In the mixed-gender condition the data are prepared in such a way as to make each gender’s
digit sequence first the target and then the masker. Thus two signals are created from each
mixed signal, one where the male is target and the other where the female is target. Recall
that the SNR of the target is held constant. In order to compute a recognition score for
the female source, the mixture in which the female is the target, is decoded using female
gender-dependent models. Decoding the mixture, where the male is target, using male
gender-dependent models allows a recognition score to be computed for the male source.
The top-down information in the HMM speech models drives the selection of the appropriate

fragments (see Chapter 3).

Voiced Fragments

The first recognition experiments measured the performance achieved using fragments de-
rived solely from the voiced regions of the mixed signal. To measure the performance of
the system with voiced fragments alone, the influence of the unvoiced regions is removed
through the process of marginalisation (Cooke et al., 2001b). The probability distributions
are marginalised by integrating over all possible values of the unvoiced energy when com-
puting the state likelihoods of the hidden Markov models. This is equivalent to treating the
unvoiced regions as missing data with no bounds constraint (see Section 2.4.3).

The results are shown in Figure 8.1 as well as Tables 8.2 and 8.3. Overall, the SFD

using voiced fragments, outperforms the baseline decoder using MFCC features for the
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majority of TMRs. At —9 dB there is an absolute improvement of 15% over the baseline,
while at 9 dB the baseline outperforms the SFD by 1%. On average, across TMR, there
is an 8% improvement over the baseline system. Significance testing reveals that the SFD
significantly outperformed the baseline system for the female component of the mixture at

all TMRs, while for the male component the SFD was only better at —9 dB.

-9dB -6dB -3dB 0dB 3dB 6dB 9dB Average

Female 54 60 67 72 75 80 84 71
Male 32 38 46 95 65 72 80 95
Overall 43 49 57 64 70 76 82 63

Table 8.2: Results are for the mixed-gender condition using voiced fragments only. Per-
centage accuracy is shown for a range of TMR values. Recognition accuracies which are
significantly better than the baseline are highlighted.

9dB -6dB -3dB 0dB 3dB 6dB 9dB Average

Female 28 35 44 52 62 72 81 33
Male 28 36 47 o8 68 79 86 o7
Overall 28 35 46 9 65 75 83 %)

Table 8.3: The results for the mixed-gender condition using baseline MFCC-based system.
Percentage accuracy is shown for a range of TMR values. Recognition accuracies which are
significantly better than the voiced-only-fragment system are highlighted.

Performance for the female component of the mixture is significantly higher than that
for the male, especially at lower TMRs. This pattern is contrasted to that of the baseline
system, where the results for the male speakers are better at high TMR values. Panel a of
Figure 8.1 shows that the male utterances were actually recognised with greater accuracy by
the baseline system. This is highly unusual, as the male and female fragments have similar

average coherence (higher for the male utterances) and size. It may be that the female
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utterances are obscuring regions of the male utterance that are required for schema-based

grouping and recognition. Further study is required to identify the cause of this effect.

(a) Male (b) Female

100 ; : . . , : ; 100

—
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Recognition Accuracy (%)
Recognition Accuracy (%)
3

-9dB -6dB -3dB 0dB 3dB  6dB  9dB 9dB  -6dB -3dB  0dB 3dB 6dB 9dB
TMR TMR

(c) Overall
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Recognition Accuracy (%)

—6— Harmonic Fragments
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-9dB -6dB -3dB 0dB 3dB 6dB 9dB
TMR

Figure 8.1: Comparison of performance for the baseline MFCC decoder and the SFD using
voiced fragments.

The fact that the voiced regions of the mixtures can provide significant performance
increase over the baseline is possibly indicative of the nature of the data. The majority of

the digits have significant, and distinctive, vowel centres which allow the SFD to recognise
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them against the background speech. The following section will incorporate the unvoiced
fragments and test whether there is any benefit (in terms of speech recognition accuracy)

to including them.

Combining Voiced and Unvoiced Fragments

In the next experiment, both voiced and unvoiced fragments are employed. The procedure is
the same as in the previous experiment, except that the marginalisation, used to remove the
effect of the unvoiced fragments, is not performed. Though the majority of speech energy
is contained in voiced speech, the extra information in the unvoiced regions has been shown
to increase the accuracy of automatic speech recognition systems; even for small-vocabulary
tasks (Coy and Barker, 2005). Results for the combined fragments are presented in Table
8.4, while Tables 8.5 and 8.6 present results for the a prior: fragments and a priori masks,
respectively. The a priori mask results were obtained using a standard missing data decoder.
The average overall recognition results show a further absolute improvement of 5% over the
results for voiced-only fragments, i.e., an absolute increase of 13%, across TMR, over the
baseline system. It should be noted that the performance gain achieved by the SFD is
greater at lower TMRs. For negative TMRs the average improvement is 17%, whereas the
average improvement at positive TMRs is 8%. At 0 dB an improvement of 14% is recorded.
As with the voiced-only fragments, the recognition accuracy is higher for female speech at
low TMR. Recognition accuracy for the female source with the combined fragments is very
similar to that of the a priori fragments. This is also seen for the a prior: fragments (at

—9 dB and —6 dB, after which the male source dominates) suggesting it may be more to do
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with the models than the fragments themselves. The overall pattern of improvements is not
unexpected, as the baseline system is known to be able to achieve high recognition accuracy
with favourable TMR, given the efficiency and power of the MFCC representation in noise-
free environments. When the noise levels increase, however, the SFD has the advantage.
At lower TMRs, the increasing level of the competing source is reflected in the MFCC
by a smearing of the interference across all the cepstral features. This contributes to the
reduction in performance. The SFD, on the other hand, is provided with a set of fragments
that are largely free from the masking effect of the competing source. Where this is not the
case, the confidence map provides a measure of the competing source’s impact, which offers
the SFD the opportunity of rejecting a ‘corrupted’ fragment. These factors contribute to

the improved performance at low TMR and the robustness of the SFD framework.

-9dB -6dB -3dB 0dB 3dB 6dB 9dB Average

Female o4 60 68 72 77 84 89 72
Male 39 45 56 66 75 83 89 65

Overall 46 93 62 69 76 83 89 68

Table 8.4: Results for the mixed-gender condition with unvoiced and voiced fragments
combined. Percentage accuracy is shown for a range of TMR values. Accuracies that are
significantly better than those for the SFD using voiced fragments only are highlighted.

-9dB 6dB -3dB 0dB 3dB 6dB 9dB Average

Female 59 62 66 72 80 85 90 73
Male 38 52 67 79 87 91 93 72
Overall 48 57 66 75 84 88 91 73

Table 8.5: Results for the mixed-gender condition with a priori fragments. Percentage
accuracy is shown for a range of TMR values. Accuracies that are significantly better than
those for the SFD using both voiced and unvoiced fragments are highlighted.
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-9dB -6dB -3dB 0dB 3dB 6dB 9dB Average

Female 72 79 84 89 92 94 95 86
Male 77 84 88 91 94 95 97 89
Overall 75 81 86 90 93 95 96 88

Table 8.6: Results for the mixed-gender condition with a prior: masks. Percentage accuracy
is shown for a range of TMR values. Accuracies that are significantly better than those for
the SFD using a priori fragments are highlighted.

Given that the combined fragments provide a complete description of the utterances,
the combined fragment result (Table 8.4 and Figure 8.2 ¢) is more directly comparable to
that achieved with the a priori fragments (Table 8.5 and Figure 8.2 c) than is the result ob-
tained using the voiced-only fragments which offer only a partial description. The difference
between the combined fragment result and the a priori result is presumed to be largely due
to the difference in coherence, and size, of the two types of fragment. Overall, the a prior:
fragments outperform the combined fragments by 5%- with only 1% difference between the
average accuracy at positive and negative TMR values (5% and 4%, respectively). This is
a testament to the quality of the fragments formed from the speech segmentation process,
as the a priori fragments are fully coherent (i.e., they are free from all interference) and the
recognition results shown above for these fragments are those that can be achieved with an
‘ideal’ set of fragments. It is important to note that the a priori fragments used in these
experiments are only ideal in the sense that there is no intrusion from the competing source;
there is no suggestion that these are the best performing fragments that can be derived. The
fact that the signals are overlapping means that some regions of each signal will be occluded.

Thresholds are used to determine how occluded a spectro-temporal pixel must be before it
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Figure 8.2: Comparison of performance for the baseline MFCC decoder and the SFD,
decoding separately, a prior: fragments and combined fragments.

is excluded from the fragment (see Section 8.2.2). As different thresholds can be employed,
it might be possible, with tuning, to find a threshold that could improve the results for the
a priori fragments. The a priori mask result shows the result that could be achieved if both
primitive and schema-driven grouping is error free. The a prior: mask result gives a 15%

improvement (averaged across TMR) over the a prior: fragments, with the majority of the
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improvement seen at lower TMR values, where the target is more effectively masked. These
results indicate that there is room for improving both the primitive segmentation (for ex-
ample, through more robust pitch tracking) and the schema-driven segmentation (possibly

through better acoustic modelling).

8.2.4 Matched-Gender Mixtures

Experiments involving mixtures of utterances from speakers of the same gender require a
different protocol to that used in the experiments of Section 8.2.3. When the sources in
a mixture are of different genders, the selection of the target source can be made by the
choice of gender-dependent model (i.e. either male or female). When the two sources are
of the same gender, another mechanism is needed to inform the decoder of the identity
of the target source. Without instruction, the decoder could arbitrarily return the result
for decoding either of the two sources. This would make evaluation problematic. The
solution chosen is to provide the decoder with the first few words of the target utterance
as a ‘key’ by which to uniquely identify the target utterance. The decoder is then tasked
with returning the remaining words in the utterance. This is an unambiguous task which
can also be performed by human listeners, albeit with some difficulty, especially at 0 dB
(see Section 8.4). In the following experiment the first two digits of the target utterance are
chosen as the key. The key is presented to the decoder through the use of a grammar that
describes the target utterance as the key seq’uence followed by an unknown digit string of
unspecified length. Before scoring the result, the key sequence is removed from the start

of both the decoder output and the transcripts. This prevents the keys words, which are
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always recognised correctly, from artificially increasing the recognition score. Male plus
male mixtures have been employed.

Some special conditions are required to make the task reasonable: Mixtures of two
utterances by the same speaker are not permitted. The target and masker utterance cannot
have the same first tWQ digits (otherwise the key would not uniquely identify the target).
Target strings are all at least four digits long (since the identity of the first two digits are
made known in advance). Given the amount of data in Aurora’s test set A and the need to
match utterances for length, the above conditions reduce the number of usable mixtures to
101. Note that both sequences in the mixture can be alternately considered to be the target
simply by changing the key. This effectively creates 202 targets, of which one sequence
was omitted from the analysis because the masker was only three digits long. As it has
been established (in Section 8.2.3) that the use of both voiced and unvoiced fragments leads
to improved recognition performance, all experiments are performed with both voiced and

unvoiced fragments.

Mixed-Gender Recognition with the Reduced Dataset

For comparison, the mixed-gender experiment (Section 8.2.3) is repeated, but this time
using the key sequence methodology. Using the same restrictions on allowable mixtures, a
mixed-gender test set containing 199 male targets was constructed. The results are shown
in Table 8.7 and Figure 8.3.

Figure 8.3 shows a similar pattern to Figure 8.2 (a), where, in order of increasing accu-

racy, the performance of the baseline, combined fragments, a priori fragments and a prior:
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-9dB 6dB -3dB 0dB 3dB 6dB 9dB Average

MFCC 21 31 44 o7 70 79 87 56
Combined 33 43 55 66 75 84 90 64

a priori Fragments 35 49 63 75 86 91 93 70
a priori Masks (s 84 88 91 94 95 97 89

Table 8.7: Percentage accuracy for a range of TMR values in the mixed-gender condition
using the reduced dataset. A comparison can be made for different sets of features: MFCC,
combined fragments, a priori fragments and a priori masks. Significance testing confirm
that the a priori masks outperform the a priori fragments which outperform the combined
fragments, which in turn outperform the baseline system.

100 T T T T T T

Recognition Accuracy (%)

50F 1
% apriori Masks
—+— a priori Fragments
—©— Combined
—&— MFCC Baseline
0 1 L I T

-9dB —-6dB -3dB 0dB 3dB 6dB 9dB
TMR

Figure 8.3: Percentage accuracy for a range of TMR values in the mixed-gender condition
using the reduced dataset.

masks are displayed for mixed-gender utterances with the male source as the target. All the
differences are statistically significant. The combined fragments give an 8% increase over
the baseline, while the a priori fragments give a 14% increase over the baseline. While the

difference, averaged across TMR, between the performance of the combined and a PTIOT
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fragments is 6%, it is interesting to note that the difference at —9 dB is approximately 2%
and at 9 dB the difference is 3%. This suggests that the two fragment types are most similar

at the extremes of the range of TMRs tested.

Matched-Gender Recognition

Figure 8.4 and Table 8.8 show the recognition accuracies for a priori masks, combined and
a priori fragments, as well as the baseline features. Combined fragments outperform the
baseline system by (on average) 6.5%. The performance is consistent across TMR, with a
slightly wider gap at negative TMR. While the performance relative to the baseline suggests
that there is some benefit to using the SFD framework for recognising speech with interfering
speakers, the actual recognition accuracy at negative TMR falls below the levels that might

be expected, given the performance on mixed-gender utterances.

9dB -6dB -3dB 0dB 3dB 6dB 9dB Average

MFCC ) 14 25 38 50 64 75 39
Combined 17 22 32 43 54 70 80 45

a priori Fragments ) 10 26 44 63 78 85 45
a priori Masks 69 79 83 89 91 93 95 86

Table 8.8: Percentage accuracy for a range of TMR values in the matched-gender condition.
A comparison can be made for different sets of features: a priori masks, a priori fragments,
MFCC, and Combined fragments. Figures in bold type highlight where each set significantly
outperforms the previous one: MFCC is compared to Combined, a priori fragments are
compared to Combined and a priori masks are compared to a priori fragments.

The pattern appears to be as a result of informational masking effects, i.e., errors that occur
in fragment labelling, due to the similarity of target and masker fragments, with respect

to the models. In the mixed-gender case, the models for the target source match more
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Figure 8.4: Percentage accuracy for a range of TMR values in the matched-gender condition.

readily to the target fragments than to the fragments of the masker. This is not so in the
matched-gender case; here the models match just as readily to the masker’s fragments as
they would to the target’s. This acts as an extra source of error and leads to the relatively
poor performance at lower TMRs.

Recognition accuracies for the SFD using a prior: fragments show an intriguing pattern
(Figure 8.4). It is expected that these fragments, being perfectly coherent, should provide
the decoder with a clear description of the target sequence, which should lead to a perfor-
mance gain over the combined fragments, as is the case with the mixed-gender fragments.
This, however, only holds at positive TMRs. For positive TMRs recognition accuracy for
a priori fragments is better than combined fragments by an average of 10%. At negative

TMRs the pattern is reversed, with combined fragments leading to an average of 8% better
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recognition accuracy. It would seem that 0 dB is a turning point for the performance of the
a priori fragments, for it is at that level of masker interference that the recognition accuracy
begins to dip below that of combined fragments. At the lowest TMRs, —6 dB and -9 dB,
decoding with a priori fragments leads to worse performance than the baseline system, this
is highly unusual. The quality of the fragments that the SFD uses for decoding is critical
to its performance; the better the fragment, the better the performance. The results seem
anomalous, in light of the fact that the a priori fragments are of the highest quality. How-
ever, the pattern of results can also be explained by informational masking. Informational
masking effects can occur irrespective of the quality of the fragments employed. If there is
little evidence to discriminate the target and masker’s fragments, then informational mask-
ing effects will dominate. It could be that the technique used to segment the a priori masks,
in the formation of fragments, led to the removal of much of the constraint (such as the

temporal continuity) that existed. Again, the a priori mask results show what is achievable.

Recognition of the Interfering Sequence

It is entirely possible that the SFD is choosing the fragments that represent the digit se-
quence of the interfering source. If this is in fact the case, then it would suggest that the
SFD is making, what might be considered to be ‘reasonable’ errors. In order to test this
hypothesis, the output of the SFD, for combined and a priori fragments is scored against
the transcription of the interfering source. For comparison, this is also done for the baseline
system. Table 8.9 shows the outcome of the re-scoring procedure.

At negative TMRs, what is immediately obvious is that the decoders (including the
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-9dB -6dB -3dB 0dB 3dB 6dB 9dB Average

MFCC 40 38 38 37 38 38 40 38
a prior: Fragments 67 64 50 38 26 15 12 39
Combined 55 49 44 37 30 22 15 36

Table 8.9: Percentage accuracy for a range of TMR values in the matched-gender condition,
where the output of the decoding process is scored against the transcription of the interfering
digit sequence.

baseline decoder) are recognising the interference more often than the target. As the target
level is increased, the target is recognised more often than the masker, although interestingly,
the MFCC-based decoder has similar performance across TMR. The anomaly noted in
Figure 8.4 is explained by analysing Figure 8.5. At negative TMRs, the SFD performs
poorly using a priori fragments, because it is tracking the interfering source. In fact, it seems
that the SFD is choosing the masker’s fragments almost exclusively at —9 dB. Recognition
accuracy for the masker is best for the a priori fragments. This is made more clear by
Figure 8.6. The accuracies shown in the figure are obtained by taking the higher of the two:
the decoder output scored against the target transcription, or the decoder output scored
against the maker’s transcription.

The result is a combination of the accuracies from Tables 8.8 and 8.9: At negative TMR
values, the masker is recognised more often than the target, while at positive TMRs the
target is recognised more often. Recall that the decoder has no access to speaker differences,
thus the only cues available for correct fragment labelling come from level differences and
within-word continuities. This pattern holds for the baseline decoder as well as the SFD.

When the accuracies at negative TMR values are compared it is seen that the decoding
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Figure 8.5: Histogram pairs showing the recognition accuracy for all decoder outputs scored
first, against the transcription of the target; and then against the transcription of the masker.

employing a priori fragments had the largest increase: 58%, more than twice the increase
for the baseline system (25%) — while the combined-fragment decoding accuracy improved
by 45%. Thus, the a priori fragments yield the highest accuracy; re-affirming the link

between fragment coherence and recognition accuracy.
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Figure 8.6: Recognition accuracy for matched-gender mixtures. The accuracy shown is
the higher of the recognition scores for the decoder’s output matched, alternately, against
the masker and target transcriptions. Accuracy does not fall steadily with TMR, as in
Figure 8.4, but actually increases below 0 dB. At negative TMR, the SFD is recognising
the masker’s utterance more frequently than it does the target’s.

8.2.5 Interim Discussion I
Mixed-Gender Mixtures
For the voiced-only fragments, it is encouraging to see that the accuracy exceeds that of
the baseline system at most TMR values. This suggests that the voiced portion of the
individual signals of this dataset are enough to provide good performance especially at
lower TMR values. As TMR becomes high, the advantage is erased as the target becomes
more dominant and the baseline system then gains access to the unmasked target.

The addition of unvoiced fragments leads to a significant improvement, especially at low

TMR, providing justification for including them — the unvoiced energy of speech is often



overlooked in source segmentation algorithms. These results suggest that more attention
should be paid to segmenting unvoiced speech (especially in systems with speech recognition
as the final goal) as it can contribute to the improvement in recognition accuracy. This
may be even more important for tasks with larger vocabularies, where unvoiced consonant

discrimination plays a greater role. The a priori fragment result shows that there is further

work to be done in the fragment generation stage.

Matched-Gender Mixtures

In order to trace the source of the unexpected SFD performance in the matched-gender
experiments, one must first recall that the experiments employed gender-dependent, but
speaker independent, models of speech (see Section 8.2.4). It should further be recalled
that the grammar used allowed an arbitrary sequence of digits. The use of the key-sequence
methodology was meant to give the decoder a hint, in the absence of speaker dependent
models, as to the target speaker’s first words and thus, reduce the possibility that the
decoder would select fragments corresponding to the interfering source. This potential
for the selection of the interferer’s fragments is legitimate. The use of gender-dependent
models to decode matched-gender utterances does not provide the same advantage that it
does with mixed-gender utterances, owing to the fact that there is no way to distinguish
the target from the interference. Had there been speaker-dependent models available 2 the

key-sequence methodology would have provided the decoder with a measure of the target

2The Aurora 2 database did not have enough utterances per speaker to produce useful speaker-dependent
models. Experiments (not reported) showed that adaptation was also infeasible.
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speakers’ spectral characteristics, which would aid it in recruiting the ‘correct’ fragments.
However, the gender-dependent HMMs are insensitive to the spectral characteristics of
individual fragments that would differentiate speakers, so the key-sequence approach did
not provide them with any incentive to choose the target’s fragments. This is akin to the
same-speaker case for human listeners, where there is little evidence that allows the listener
to segment the two messages spoken by the same speaker. Whereas listeners can employ
cues such as co-articulation,speaker identity and pitch continuity to group related words in
the message, the models employed in the SFD do not model such effects and thus cannot

use these cues.

8.3 Experiments with Sentence-length Utterances

The experiments in this section are motivated by the fact that the corpus used for testing
allows for the use of speaker-dependent models, which should address some of the difficulties
faced by the decoder, especially in the matched-gender condition. The other motivating
factor relates to the signal-driven segmentation system, which was developed with data
from the Aurora digit corpus. By employing it to segment data from a different corpus, the
following experiments serve as a rigorous test of the system’s generality. Overall, the task
is much more challenging than the digit task and should be a good test of the proposed
decoding framework.

Experiments are performed using simultaneous speech data constructed from the GRID
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corpus (Cooke et al., 2006) in accordance with the rules of the Pascal Speech Separa-
tion Challenge 3. The GRID corpus consists of utterances spoken by 34 native English
speakers, including 18 male speakers and 16 female speakers. The utterances are monau-
rally mixed, short sentences of the form: <command:{> <colour:{> <preposition:4> <let-
ter:25> <number:10> <adverb:4>, as indicated in Table 8.10, e.g. ‘place white at p 4
now’. The test set consists of 600 pairs of end-pointed utterances which have been artifi-
cially added at a range of TMRs. In the test set there are 200 pairs in which target and
masker are the same speaker; 200 pairs of the same gender (but different speakers); and
200 pairs of mixed-genders. The ‘colour’ for the target utterance is always ‘white’, while

the ‘colour’ of the masking utterance is never ‘white’. The task is to recognise the digit and

letter spoken by the target.

VERB | COLOUR | PREP. | LETTER | DIGIT | ADVERB
bin blue at a-z 1-9 again
lay green by (no ‘w’) | and zero now

place red on please
set white with soon

Table 8.10: Structure of the sentences in the GRID corpus.

8.3.1 Experimental Setup

The same representation was used as in the previous experiments, i.e., a 64-channel ‘auditory
spectrogram’ represented by 128-dimensional feature vectors consisting of 64 energy terms

and 64 delta terms. Speaker dependent word-level HMMs were trained using 500 utterances

3http://www.dcs.shef.ac.uk/~martin/SpeechSeparationChallenge.html
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from each of the 34 Grid speakers. Each word was modelled using a rule of 2 states per phone
in a left-to-right model topology with no skips, and with 7 diagonal-covariance Gaussian
mixture components per state.

The recogniser employed a grammar representing all allowable grid utterances in which
the colour spoken was ‘white’. In all experiments it was assumed that the target speaker was
one of the speakers encountered in the training set, but two different configurations were
employed: i) ‘known speaker’ - the utterance was decoded using the HMMs corresponding
to the target speaker, ii) ‘unknown speaker’ - the utterance was decoded using HMMs
corresponding to each of the 34 speakers and the overall best scoring hypothesis was selected
(this can be implemented as an extended grammar in which 34 speaker-dependent grammars
are placed in parallel).

A simple adaptive beam-pruning algorithm was employed to reduce the computational
cost of decoding the ‘unknown speaker’ configuration. The algorithm adapted the beam to
prune a fixed percentage of partial hypotheses at each time frame. A small development set
of 150 mixtures at 0 dB was used to select the target percentage of hypotheses to prune.
It was found that this target could be raised to 90% without significant impact on the
recognition result, and with a resulting reduction in decoding time of over 75% (Barker
et al., 2006).

Results were also obtained for a conventional HMM system using models with an identi-
cal topology trained on 13 MFCC features along with their deltas and accelerations. These
baseline results were obtained from testing the system using speaker independent (SI) HMMs

employing 32 mixtures per state and trained using the combined training data from all 34
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Grid speakers *.
The statistical significance of the differences in recognition accuracy for each system

were tested using the method described in Section 8.2.1.

8.3.2 Results

The results of the experiments are given in Tables 8.11, 8.12, 8.13, 8.14, as well as Figure
8.7; recognition accuracies represent the percentage of the total number of letter and digit
tokens that are recognised correctly. The overall results (Figure 8.7 (a)) show that the
SFD gives a higher recognition accuracy than the baseline system across TMR, in both
configurations — bold type in the Tables 8.11, 8.12, 8.13 and 8.14 indicate where the per-
formance differences are statistically significant. The benefit is most clearly seen at TMRs
below —3 dB. The advantage of knowing the identity of the target speaker is manifest in
the difference in average recognition accuracy for the two configurations of the SFD; 62%
and 42% for the known- and unknown-speaker configurations, respectively. This advan-
tage is virtually erased at 6 dB, where the ta;rget utterance is highly dominant. For the
known-speaker configuration, the decoder’s performance decreases steadily with decreasing
TMR, while the pattern for the unknown-speaker configuration is somewhat unusual. The
accuracy falls as TMR decreases to —3 dB and then rises again as TMR decreases further.
A more detailed analysis of the individual masker conditions may provide more information
about the overall pattern of results.

In the same speaker condition both configurations of the SFD provide only a small, but

significant, improvement over the baseline system for all TMR values. As TMR becomes

4This is not a truly speaker-independent system, as the target speaker is represented in the training data.
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-9dB -6dB -3dB 0dB 3dB 6dB Average

SS 6 10 18 30 46 62 34
SG 7 15 21 33 44 64 31
DG 8 12 20 34 47 64 31
Overall 7 12 19 32 46 64 30

Table 8.11: Results for the baseline system. All speaker configurations are shown: same
speaker (SS), same gender (SG) and mixed-gender (DG). The overall score is also given.

-9dB -6dB -3dB 0dB 3dB 6dB Average

SS 38 37 34 37 54 73 46
SG 43 42 37 47 70 79 93
DG 39 40 38 42 73 80 52
Overall 40 40 36 42 66 77 50

Table 8.12: Results for the speech fragment decoder in the unknown-speaker configura-
tion. All speaker configurations are shown: same speaker (SS), matched-gender (SG) and
mixed-gender (DG). The overall score is also given. Bold type highlights the recognition
scores where the SFD, in the unknown-speaker configuration, significantly (p < 0.05)
outperforms the baseline.

negative, a wider performance gap opens between the baseline system and the SFD. The
baseline performance continues to fall off, while that of the SFD begins to increase below
—3 dB. This might be attributable to a sharp reduction in informational masking that
outweighs the effects of the increase in energetic masking that accompanies a decrease in
TMR (Brungart, 2001); this is further explored in Section 8.3.3.

The recognition performance of the SFD is virtually identical for both configurations,
suggesting that prior knowledge of the target speakers’ identity is not an advantage in this
condition. It must be noted that this does not imply that the SFD is doing well in the
unknown-speaker condition, on the contrary, it is doing poorly. What is happening is that

the SFD, in the known-speaker configuration, is performing as poorly as it does in the
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-9dB -6dB -3dB 0dB 3dB 6dB Average

SS 39 37 34 37 95 74 46
SG 49 56 65 72 77 80 66
DG 54 63 70 76 79 81 71
Overall 47 52 o6 62 70 78 61

Table 8.13: Results for the speech fragment decoder in the known-speaker configuration.
All speaker configurations are shown: same speaker (SS), same gender (SG) and mixed-
gender (DG). The overall score is also given. The results are highlighted, where the known-

speaker configuration performs significantly better (p < 0.05) than the unknown-speaker
configuration.

9dB -6dB -3dB 0dB 3dB 6dB Average

SS 70 81 86 88 91 91 84
SG 78 87 91 93 93 93 89
DG 83 89 92 92 91 92 90
Overall 76 85 89 91 92 92 88

Table 8.14: Results for a missing data decoder using a priori masks and speaker inde-
pendent models. All speaker configurations are shown: same speaker (SS), same gender
(SG) and mixed-gender (DG). The overall score is also given. The accuracies which are
significantly better (p < 0.05) than the known-speaker configuration are highlighted in
bold type.

unknown-speaker condition.

For the matched-gender condition, the SFD outperforms the baseline system at all TMRs
and for both configurations. In the unknown-speaker configuration, recognition accuracy
decreases as TMR does, until TMR reaches —3 dB, where accuracy begins to rise again.

In this condition the pattern of results for the different configurations are markedly
different. At 6 dB the accuracies are the same, however, the similarity ends there. While
the recognition performance in the known-speaker condition is better than the unknown-

speaker configuration, it decreases monotonically as TMR moves from positive to negative.
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Figure 8.7: Results for the speech fragment decoder compared against the baseline system.
The SFD results are shown separately for the known- and unknown-speaker configurations.

The pattern of mixed gender results is similar to that obtained in the matched-gender

condition, in that the known-speaker configuration outperforms the unknown-speaker con-

figuration, which in turn outperforms the baseline. The known-speaker results show an

average improvement of 19%, across TMR, over the unknown-speaker configuration. For

the unknown-speaker condition, there is a sharp decrease in accuracy at 0 dB which is likely

due to the combination of informational and energetic masking. It does however, show an
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average improvement of 20% over the baseline system.

The performance of the missing data system using a priori masks falls off smoothly with

decreasing TMR and is similar in pattern and actual accuracy across condition.

8.3.3 Interim Discussion II

The results of the alpha-digit task provide several points worthy of discussion. Before
examining any of these issues, it is important to recall that the experiments are performed
on an unseen dataset (i.e., the parameters employed in the primitive segmentation stage are
trained on a separate dataset and. are not re-tuned for this task). This is indicative of the
robustness of the segmentation process employed to generate fragments for the SFD.

The results presented have been shown to be subject to both informational masking and
energetic masking, These terms have not been discussed in detail. As both are central to
the discussion of the results of the SFD, some time will be spent in extending the definitions
already presented.

When asked to segment and identify speech that is monaurally mixed with a competing
speech source, listeners find it more challenging to do so as the signal level of the masker
is increased. As the target moves from being the overall dominant sound in the mixture,
there are fewer regions where the target energy exceeds that of the masker, rendering the
target less intelligible as TMR decreases. This process is often referred to as energetic
masking (Kidd et al., 1994). In the event that energetic masking is working in isolation,
the expected impact on the recognition would be a steady, monotonic, decrease in accuracy

for recognition of the target sequence as TMR decreases (Brungart, 2001). It has been
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shown, however that at TMR values around 0 dB, there is a greater than expected decrease
in target intelligibility that cannot be accounted for by energetic masking alone (Brungart.
2001; Brungart et al., 2001).

If the acoustic evidence of the target source is not completely concealed by a more
energetic masker, the task remains of disambiguating the glimpses of acoustic energy that
emerge from the mixture (i.e., to decide which source produced it). The uncertainty as to
the origin of acoustic energy is referred to as informational masking (Pollack, 1975; Leek
et al., 1991). Informational masking is also related to TMR, but in a different way; it is a
- function of the listeners ability to distinguish one source from the other when they are both
audible. Thus, informational masking effects are greatest when TMR is close to 0 dB. The
combination of these two effects has been shown to account for the majority of errors that
listeners make in intelligibility tests (Brungart, 2001).

As the SFD has been put forward as a recognition system inspired by models of percep-
tion, it is expected that the recognition scores should mode] these effects. The discussion to
follow will, among other things, seek to identify where these two processes combine to influ-
ence the pattern of results (see Barker et al., 2006; Shao and Barker, 2007, for discussions
of the interplay between informational and energetic masking in the SFD). Section 8.4 will
consider the extent to which the performance, on the alpha-digit task, of the SFD mirrors

that of listeners.
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Same Speaker Condition

In the same-speaker condition the cues that could be used to distinguish the messages
from each talker in the mixture are mostly absent. The talkers have the same range of
fundamental frequency, making segmentation particularly difficult. The combination of
energetic and informational masking can be seen in the performance below 3 dB. The
sharp dip in performance at 0 dB is unlikely to be due solely to energetic masking; this
is confirmed by the small increase at lower TMRs. The interaction of masking effects is
partially responsible for the lack of improvement over the baseline at positive TMRs; the
rest of the responsibility lies with the segmentation algorithm. The lack of distinguishing
features between the two voices will likely have a detrimental effect on the segmentation
algorithm, possibly leading to the production of poor quality fragments. The effects of
energetic masking at high TMR is possibly exacerbated by having both masker and target

utterances spoken by the same person.

Matched-Gender Condition

The matched-gender condition is similar to the same-speaker condition; both speakers are
likely to have a very similar range of fundamental frequency, making segmentation more
challenging. The differences in the individual speakers’ acoustic output seem to be sufficient
to provide a better recognition performance than in the same-speaker condition (7% for
the unknown-speaker configuration and 21% for the known-speaker configuration, averaged

across TMR). This can be related to less energetic masking, as spectral peaks for different
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speakers will not overlap as much as those for the same-speaker, leading to a greater ease
of segmentation. The impact of informational masking is also seen in this condition, which
has a similar pattern of results to the same-speaker condition: a sharp fall at 0 dB and an
increase after —3 dB.

The larger increase in the recognition performance for the known-speaker configuration is
evidence of the benefit derived by the decoder from the difference in speaker characteristics.
The SFD, for this decoder configuration and mixture condition, is not subject to the effects of
informational masking. This is confirmed by the lack of the characteristic dip in performance
at 0 dB. The fragments belonging to the target will fit well to the models of the target,
thus reducing the potential for confusing the messages of the different speakers.

Comparing the matched-gender performance in this task with the performance on the
digit task (Section 8.2.4) the benefit of employing speaker-dependent models can clearly be
seen. With speaker-dependent models, it is less likely that the recognition accuracy will

decrease significantly due to the erroneous recognition of the masker.

Mixed-Gender Condition

The segmentation of mixed-gender utterances is aided by the differences in speaker charac-
teristics, especially the difference in male and female fundamental frequency ranges. This
should be reflected in the recognition scores of the decoder. However, for the unknown-
speaker configuration averaged across TMR, the performance was worse, by 1%, than the

matched-gender condition. This is mainly due to a sharper falloff in recognition accuracy
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between 3 dB and 0 dB. Given that energetic masking is likely to be higher in the matched-
gender case, it is reasonable to attribute this effect to informational masking. The pitch
differences that mark the utterances as different cannot be exploited by the decoder itself,
as the auditory representation employed is not sensitive to pitch. The acoustic models are
thus, immune to the variability caused by changes in pitch. This makes for a robust decoder,
but it also makes segmentation more difficult. Thus, the decoder is at times susceptible to
confusions in source assignment. Pitch is used in the fragment-forming stage of the system,
however, it is not used explicitly to group fragments through time. This level of sequential
grouping is achieved by the decoder as it decides which fragments can be unambiguously
grouped by scoring each fragment with the HMMs of the various speakers. It is possible
that better pitch-based grouping could improve the results.

The results in the known-speaker configuration for the mixed-gender condition are, on

average, 4% better than the matched-gender results.

8.4 Comparison with Human Performance

The SFD has been tested with two separate speech recognition tasks and has been shown
to be able to outperform a standard ASR system. This is the major goal of the proposed
system: to achieve a robust performance in noisy conditions. However, there is a secondary
objective, which is to see how well the pattern of ASR results from the SFD matches to the
pattern of results achieved by human speech recognition (HSR) on the same task. Section

8.4.1 will compare ASR and HSR results for the digit task, while Section 8.4.2 will repeat
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the analysis for the alpha-digit task.

8.4.1 Digit String Experiments

To determine human performance, the same set of mixtures that were presented to the ASR
system in Section 8.2 were presented to 11 listeners. Each listener, aged between 18 and 30
years old, had received a hearing test in the year prior to the experiments and was found
to have normal hearing, i.e. better than 20 dB hearing level in the range 50 — 8000 Hz.
Listening sessions took place in an TAC single-walled acoustically isolated booth. Stimuli
were re-sampled to 25 kHz and presented via a Tucker-Davis Technologies System 3 RP2.1,
at comfortable listening levels. Stimulus presentation was controlled by a computer situated
outside the booth. Signals were presented diotically over Sennheiser HD250 headphones.
Listeners were required to perform the same task as the decoder. They were presented with
the first two digits on a computer display and then played the stimulus once. The listeners
were instructed to write down the other digits that came from the speaker uttering the first
two. Both mixed- and matched-gender mixtures were presented to the listeners, however,
(unknown to the listener) the target was always the male source. The TMR used for the
mixtures was 0 dB. The average accuracy of the listeners’ responses is presented in Table
8.15 and compared with the results from the decoder.

Consider the comparison between the ASR and HSR results. In the mixed-gender con-
dition, the performance of the decoder, even when using a priori fragments, is far below
the almost perfect performance achieved by the listeners. When gender differences are re-

moved there is a 19% drop in listener performance. This is in agreement with previous
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HSR | ASR Apr. | ASR Est. | MFCC
Matched-Gender 78 44 43 38
Mixed-Gender 97 75 66 57

Table 8.15: Digit recognition accuracy for matched-gender and mixed-gender signals using
the key sequence methodology described in Section 8.2.4. Results compare human perfor-
mance (HSR), ASR with a priori fragments (ASR Apr.), ASR with estimated fragments
(ASR Est.) and a baseline MFCC system (MFCC).

findings that masking is more effective when the masker and target are of the same gender
(Brungart, 2001). This has been explained as an effect of informational masking, which is
maximum when the statistical difference between the acoustics of the target and masker is
at & minimum — in this condition listeners find it hardest to attend to the target without
being distracted by the masker. As the mixtures used in this experiment are mixed at 0 dB,
informational masking will play a significant role. At 0 dB listeners cannot track the target
by attending to a particular level.

For the ASR system, removal of gender difference provokes an even larger drop in per-
formance, with results barely above those of the baseline system. Analysis of the decoder’s
output reveals many instances where fragments of the masker are chosen in preference to
those of the target. The problem here is that, as the decoder is using gender-dependent but
speaker-independent models, it cannot reliably distinguish between a fragment of the target
and the masker, since fragments of either speaker in the mixture may have a similarly good
fit to models of the target source. The only cues come from sequential constraint imposed
by the HMM word models (e.g. a fragment matching the first half of the word ‘seven’

should be followed by one matching the second half). However, listeners performing the
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matched-gender task are able to use speaker differences to track the target speaker. From
the decoder’s perspective, with a lack of speaker specific modelling, the task is more similar
to that faced by humans when confronted with two simultaneous utterances from the same

speaker. Human results in this condition are much poorer (Brungart, 2001).

8.4.2 Grid Corpus Experiments

Listener performance on the alpha-digit task is compared to the performance of the SFD
in the unknown-speaker configuration. The listener results reported here were obtained in
experiments conducted by Cooke et al. (2008).

The results from the known-speaker configuration were not considered for comparison
because of a lack of informational masking effects, which suggest that they would not be
similar to listener data. Also, the task faced by listeners is closer to that of the unknown-
speaker configuration. The listeners are not provided with any knowledge of who the target
speaker is, thus they do not have the advantage provided to the known-speaker ASR system.
The results are plotted in Figure 8.8.

As the TMR decreases from 6 dB down to —3 dB in the same-speaker condition, listeners’
performance falls very sharply. As the target and masker utterances are from the same
speaker, and hence have the same fundamental frequency range and identical vocal tract
length, the level difference is possibly the main cue available to listeners for distinguishing
the competing utterances. At 0 dB the level cue is removed and performance deteriorates. As
the TMR continues to decrease, the recognition performance increases, despite the increased

energetic masking that accompanies a decrease in TMR. This pattern is consistent with the
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effects of informational masking reported by Brungart (2001). The pattern of recognition in
the SFD, despite being on average 36% lower, is very similar to listeners’ performance. This
is because it has the same difficulties that the listeners face. Namely, the spectral overlap
between the speakers is highest in this condition, as the spectral peaks tend to occur in the

same frequency regions for both target and masker, more often than in the other conditions.
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Figure 8.8: Results for the speech fragment decoder in the unknown-speaker configuration
compared against listener performance on the same task.
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For the same-gender condition both target and masker have a similar fundamental fre-
quency range and a similar (but not identical) vocal tract length. This suggests that listen-
ers should have less difficulty in identifying the target than they did in the same-speaker
condition. The results show this to be the case, as the performance is better than in the
same-speaker condition. The reduction in recognition accuracy around 0 dB is present, but
is lesé distinct. The SFD pattern is somewhat similar, however, the dip at —3 dB is quite
pronounced. This is attributable to the decoder’s inability to use the cues exploited by
users to identify and track the target speaker.

In the mixed-gender condition there is a relatively constant decrease in accuracy for
the listener performance. As the gender difference provides consistent cues for source seg-
mentation, informational masking does not play a significant role in the degradation of
intelligibility; the performance is largely determined by the degree of energetic masking.
There is a slight reduction in performance at 0 dB, but negligible compared to the decrease
seen in the other conditions. Compare this to the performance of the SFD in the mixed-
gender condition. After a sharp decrease in recognition performance at 0 dB the accuracy
essentially plateaus, with a small decrease at —9 dB (this is likely an effect of energetic mask-
ing). As mentioned in Section 8.3.3 the difference in the patterns is due to the inability of
the SFD to exploit pitch differences between the target and masker.

In the unknown-speaker configuration, the SFD seems to reproduce the pattern of listen-
ers’ behaviour for the same-speaker and same-gender conditions; however, it fails to do so in
the mixed-gender condition. While it is encouraging that the SFD is able to reproduce, to

some degree, patterns of human speech perception, there are some differences between HSR
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and the way the SFD performs recognition that make it unwise to draw strong conclusions.
The ASR system has one distinct advantage over listeners: First, the ASR system uses a
closed set of speaker-dependent models, furnishing it with complete descriptions of each
speaker’s characteristics, whereas listeners have no access to this information. However,
listeners may be able to adapt rapidly to the target speaker which may mean that speaker-
dependent models will still be a better model of listener performance than, say, for example,
a fully speaker-independent model. This can be seen when a comparison is made between
the performance of the SFD in the matched-gender condition for the different datasets.
In Section 8.2.4, speaker-independent models are employed for the decoding in the digit
task. The results are poor because all fragments matched well to the non-specific models
and the SFD often chose fragments from the masking sequence. With the alpha-digit task,
the speaker-dependent models more readily allowed for the choice of the correct fragments,
resulting in much improved performance.

The unknown speaker configuration of the SFD shows a surprisingly similar performance
to listeners in two of the three conditions tested. While there are caveats, this similarity

suggests that the SFD system is modelling human speech perception to some extent.

8.5 Summary

The chapter has shown a full evaluation of the perceptually motivated speech recognition
system, in the form of speech recognition experiments using the SFD and employing the
fragments derived from the segmentation system developed in previous chapters. The ex-

periments were performed using the speech fragment decoder on two separate datasets: one
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with connected digit sequences and the other of sentence-length utterances. In the first set
of experiments, decoding was performed with fragments derived from the voiced regions of
mixed-gender utterances. The results of those experiments showed that the fragments, even
without the inclusion of fragments from the unvoiced regions, can yield recognition results
that are on average better than a baseline speech recognition system. The inclusion of
unvoiced fragments led to an increase in recognition performance across TMR. The gender-
dependent HMMs allowed for discrimination of the target speakers’ fragments, which gave
good recognition accuracy for the target utterance. A more challenging condition (matched-
gender utterances) was then explored. The performance was found to be poor at negative
TMRs. Further analysis revealed that the SFD was recognising the masker utterance more
often than it was the target. With the use of speaker-independent models, and only level dif-
ferences available for the decoder to distinguish between the fragments of target and masker,
there is little chance that the decoder will always select the fragments corresponding to the
target.

A comparison with human performance on the same test at 0 dB TMR, revealed that
the pattern of performance is similar for listeners and the SFD — a significant drop in per-
formance occurred in the matched-gender condition. The percentage decrease was smaller
for listeners. This was found to be as a result of the listeners being able to use differences
in speaker characteristics, which the decoder, employing speaker-independent HMMs, could
not. The alpha-digit experiments attempted to verify this by employing speaker-dependent

models.
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The alpha-digit experiments employed mixtures in three different conditions: same-
speaker, matched-gender and mixed-gender. The SFD was also deployed in two separate
configurations: known-speaker and unknown-speaker. In the known-speaker configuration,
only the target speakers’ models were used; in the unknown-speaker configuration, HM)\Is
from all speakers were used to decode the utterances and the best scoring model was cho-
sen. The SFD, in both configurations outperformed the baseline system in all conditions.
However, the known-speaker configuration performed better than the unknown-speaker con-
figuration in all but the same-speaker condition. In this condition, there was no benefit to
knowing the target speaker as both sets of fragments belonged to the same speaker. The
results of listening tests were compared to the accuracy of the SFD in the unknown-speaker
configuration as listeners did not have access to the target speakers’ characteristics. Overall,
the SFD was shown to mirror the ’pattern, though not the accuracy, of performance of the
listeners. The listeners’ performance in the mixed-gender condition was not modelled by the
SFD. This seems, in part, to be due to the inability of the SFD to exploit differences due to
gender, such as vocal tract length, as listeners generally do. The system also fails to utilise
the continuity of pitch across fragments, even though pitch is employed in the primitive
segmentation. Further, the SFD could not account for the reduced effect of informational
masking in the mixed-gender condition. These points suggest that the SFD should not
currently be put forward as a general model of human speech perception.

The speech recognition results shown above, as well as their pattern across TMR, provide
encouragement for pursuing techniques for robust speech recognition that are motivated by

the wide body of work in auditory scene analysis. More specifically, they highlight the utility



276

of employing computational models of primitive grouping to segment an acoustic mixture;
isolating regions of a target source for recognition. The following chapter will highlight the

significant contributions of this work and suggest directions for future work.



Chapter 9

Conclusions

9.1 Summary

A robust automatic speech recognition system has been presented which successfully merges
auditory scene analysis (ASA) and automatic speech recognition (ASR). The coupling of the
source segmentation and recognition processes by integrating source segmentation into the
decoding process represents a shift in the way ASR is approached. This work draws equally
from the perceptual insights of ASA and the well understood statistical framework of ASR to
produce a framework that performs speech recognition in a manner that is arguably similar
to humans in ways that conventional ASR is not. The system was presented as different
modules, each of which acted upon the output of the previous one. The first module
presented was the multiple-pitch determination algorithm (Chapter 4), which presented
pitch candidates, for both sources in a two-source mixture, to the multiple-pitch tracker
(Chapter 5). The output of the trackér was used in the segmentation of the voiced regions
of speech in Chapter 6, after which, the unvoiced regions of speech were segmented (Chapter

7). The final module was an automatic speech recognition engine that took as input the
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segmented speech produced by the previous modules (Chapter 8).

9.2 Original Contributions

9.2.1 Pitch Determination

In Chapter 4 a novel approach to multiple-pitch determination was presented. Pitch can-
didates were determined by first computing an autocorrelogram and then summing the low
frequency regions to form a summary autocorrelogram. There are two novel aspects of the
algorithm: The first is the retention of multiple pitch points from the summary autocorrel-
ogram. Similar algorithms typically retain » pitch points where there are » sources in the
mixture; this often leads to an error in detection, where the pitch of one source is missed.
By retaining multiple candidates, fewer detection errors occur.

The other novel aspect of the algorithm is the retention of pitch candidates which rep-
resent pitch doubling and halving errors. It is often the case that evidence of the pitch of a
sound source is weak, or not present. There will, however, be harmonics of the pitch which
can be used to identify the source. The multi-pitch determination algorithm was developed
as part of a speech segmentation system, where it is important to extract the harmonic
component of all sources. Thus, when the pitch is unavailable, but a pitch double or half
can be detected, the pitch determination algorithm retains the double/half as evidence of

the sound source.

9.2.2 Pitch Tracking

A novel multiple-pitch tracker was presented in Chapter 5. The algorithm was developed

based on the assumption that the candidates proposed by the pitch determination algorithm



were generated by two speech sources and a separate noise source. As such, each source was
modelled by an HMM, the parameters of which were estimated from training data. The
novelty of the algorithm stems from two areas: 1) the way in which pitch doubling/halving
is systematically modelled, and 2) the inclusion of a noise model to account for pitch points
not generated by the speech HMM. The modelling of pitch doubling/halving allows the al-
gorithm to continue a smooth segment, where the fundamental frequency is missing. Other
pitch tracking algorithms would seek to correct for these effects either during or after com-
pleting the tracking. In a comparison with the multi-pitch tracker of Wu et al. (2003) the
proposed algorithm generally made fewer detection and estimation errors — see Section 5.4.
However, it must again be made clear that the tracking of pitch is not an end in itself; it
serves as a mechanism whereby contiguous segments of pitch can be assigned to a single
source. The final goal is to segment voiced speech, thus applying a correction to pitch
doubles/halves would likely lead to errors in segmentation.

Given that there are multiple candidates for the pitch tracker to consider, there will
doubtless be spurious pitch points that act as ‘distractors’. The algorithm deals with these
by employing a noise model, coupled with a distribution of the number of distractor points
that are likely to occur in a time frame.

A further point to note about the pitch tracking algorithm is that it does not enforce
continuity across pitch breaks, as this is where the majority of errors in source assignment
can occur. Source assignment errors would be detrimental to the final segmentation and
would have implications for the recognition stage. Thus, the pitch track consists of a number

of segments of contiguous regions of voiced speech, separated by breaks in voicing.
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This highlights another novel contribution of the work: the fact that pitch tracking
is treated as part of the speech recognition problem. The voiced fragments labelled as
foreground during the recognition process (see Section 3.6.2) are associated with particular
pitch track segments. These fragments can be recovered after the decoding. Connecting
the fragments is effectively connecting the track segments, thereby tracking the pitch across
the entire utterance. Similarly, grouping the background segments allows the other source
to be tracked. This approach treats the pitch tracks, as well as the final seginentation,
as emergent from the recognition process rather than an input. This is the first known

recognition system to adopt this approach.

9.2.3 Voiced Speech Segmentation

Chapter 6 deals with the segmentation of voiced speech. The segmentation employs the
autocorrelogram, summary autocorrelogram and the pitch tracks. The pitch track segments
are used to recruit spectro-temporal regions of the mixed signal that correspond to voiced
speech by checking at each frame, whether the pitch points found in a segment match to
peaks in the channels of the autocorrelogram or envelope autocorrelogram. The channels in
which matches occur are labelled, such that the regions corresponding to each contiguous
segment have a unique label. Regions with similar labels are called fragments. The novel
aspects of this stage are: 1) the development of a confidence map based on the relative
contributions of each source in a frequency channel, and 2) the evaluation measure that was
proposed as a measure of determining the extent to which a fragment overlaps both sources.

The aim of the segmentation algorithm is to produce coherent fragments, fragments
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that can be unambiguously assigned to a single source. If, however, there are errors in the
process, assignment errors will be made. Where both sources are active in a channel, the
confidence map serves to introduce a measure of reliability, which indicates how likely it is
that a spectro-temporal point was generated by a particular source.

The coherence of each fragment is calculated and used as a measure of the quality of
each fragment produced by the segmentation algorithm. This was employed as it gave a
good indication of how well the speech recogniser would perform when it utilised fragments

derived from the segmentation algorithm.

9.2.4 Unvoiced Speech Segmentation

The novel algorithm employed for the segmentation of unvoiced speech was presented
in Chaptler 7. The algorithm applied a well-known image processing tool - the water-
shed transform — to the task of segmenting unvoiced speech. By exploiting the coherent
spectro-temporal glimpses that are present in overlapping speech, the algorithm segments

the unvoiced-regions of speech based on the energy contours of the mixture. Recognition

experiments show that the inclusion of unvoiced speech improves recognition performance.

9.2.5 Speech Recognition Studies

The speech fragment decoder (SFD) was proposed as a novel approach to ASR (Barker et al.,
2005). Prior to the current study, however, there had been no concrete demonstration of its
power. The original idea was tested with speech corrupted with simple noises and segmented
using a priori knowledge of the pre-mixed sources.

The experiments performed in Chapter 8, which employed fragments derived from a
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systematic segmentation algorithm, were the first concrete demonstration of its utility for
speech recognition with challenging and, somewhat, realistic tasks. Since this early work,
several studies have been done that confirm this — see (Barker et al., 2006; Christensen et al.,
2007; Ma et al., 2007). The study has also inspired work being carried out in audio-visual

speech recognition (Shao and Barker, 2006, 2007).

9.3 Directions for Future Work

This thesis has presented a complex SFD system that is built from many relatively simple
components. The modular nature of the system presents many opportunities for increasing
the performance of the system. This section will identify some of the current limitations of
the system components and present suggestions for future work that could serve to enhance
them. Firstly, the pitch determination algorithm has some weaknesses that need to be
addressed. The retention of multiple peaks has been shown to be one method of developing
a pitch determination algorithm with few errors. However, the retention of an arbitrary
number of peaks from the summary is not an optimal solution. In the first instance, it is
not clear how many peaks need to be retained to ensure that all the correct pitch candidates
are retained. Furthermore, it is possible that the cross-frequency integration, achieved by
summing the channels, is itself removing valuable evidence for the sources in the mixture. In
the event however, that the evidence is present in the summary, a more systematic approach
to determining its value could be employed.

The shortcomings of the multiple-pitch tracker have been mentioned in Section 5.3,

but they are worth repeating here. The assumption that the pitch is generated by a first
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order Markov process ignores the relationship between the neighbouring pitch points. It is
possible that including a model of temporal continuity to model the pitch trajectory could
produce more accurate pitch tracks. Though the tracks themselves are not the final goal,
their accuracy has direct implications for the quality of the voiced fragments. This could
further provide increased constraint for the segmentation model of the decoder, leading to
improved segmentation and possibly lower error rates.

The model of pitch dynamics employed assumes a Gaussian fit, however this is only an
approximation. A better fit to the data could improve the model. A third approximation is
the treatment of the distractor point as independent-and-identically-distributed noise. It is
possible that modelling the relationship between the distractor and true pitch points could
make for a better pitch tracker.

The voiced-fragment generation process depends on the pitch determination and tracking
stages which come before it, thus any errors made at that stage can affect the segmentation.
The actual segmentation process is subject to its own errors. There are a number of tuning
parameters that have been set empirically. While this is common practise in systems that
perform primitive segmentation, it may be that the values set by experiment are not optimal;
this would affect the fragment generation and ultimately, the decoding process.

The multi-stage segmentation described in this work has its advantages, but it also has
disadvantages. For instance, the errors made in the segmentation of voiced speech carry over
to the module in which the segmentation of unvoiced speech is carried out. If these errors are
such that regions of voiced speech are labelled as unvoiced, the algorithm used for unvoiced

speech segmentation would be required to segment voiced speech as well. Fortunately, the
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algorithm is not one that will fail if the input is voiced.

The unvoiced-speech segmentation algorithm is relatively simple, and yet it yields frag-
ments that lead to improvements in recognition results. While there is no guarantee that a
more complex algorithm will produce fragments that will lower recognition errors, it might
be useful to develop an algorithm that exploits some of the classification cues for segmen-
tation.

Within the current recognition framework, both schema-driven and primitive grouping
processes are effectively coupled because the ASR system evaluates multiple segmentation
hypotheses that are constrained by primitive grouping. As suggested by Coy and Barker
(2007), however, a more tightly coupled version of the decoder can be imagined. For exam-
ple, if the pitch track information were preserved in the fragments, the decoder could then
modify the likelihood of a decoding by factoring in probabilities for a sequence of fragments
to be consistent with a pitch track. That is, if there is a large pitch jump between two
fragments separated by a short time interval then they are less likely to both belong to
the same source. Taking this idea to its logical conclusion, separate harmonic fragments
could be defined at every frame, and the pitch tracking step in the current system could
be completely incorporated into the top-down search. In such a system, the pitch track of
a source would emerge as a by-product of segmentation rather than as a primitive feature
employed in the process of source segmentation. The current system takes inspiration from
human perception, but does not attempt to model it. It is however, encouraging that the
system, in some small way, seems to mimic human speech recognition.

Within such a system, primitive grouping would be imposing a weaker constraint. It is
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arguable whether the removal of an accurate, primitive grouping constraint is necessarily a
positive thing. For example, it would be more difficult for humans to recognise speech if
primitive processes were not involved in grouping individual formants.

The recognition system proposed has been evaluated and shown to have good perfor-
mance in challenging tasks. That performance is not nearly as good as that of humans —
see Section 8.4. Work is needed to better understand the origins of this difference. This
would include a study to determine the extent to which the performance difference is due
to weaknesses in primitive processing, schema-driven processing or the manner in which the
two are coupled.

A natural extension of the current study would be to perform large-vocabulary decoding
with the speech fragment decoder. It has been suggested that the missing data approach to
speech recognition is unsuitable for large vocabularies (Srinivasan et al., in press). However,
this assertion is made based on recognition results that employed a priori masks and a
basic missing data decoder. The speech fragment decoder does not suffer from some of the
constraints of basic missing data decoders and with the use of uncertainty decoding, such
as soft masks, it could lead to better results on large vocabulary tasks. While there are
several challenges that will have to be overcome in developing such a system, it is well worth
attempting to do so.

The fragment generation processes could be revisited. The two-stage segmentation pro-
cess employed here could possibly be replaced by a single stage, in which both voiced and
unvoiced speech is segmented simultaneously. Such an algorithm need not be a radical

departure from the current system, but could, in the first instance, simply exploit several
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primitive cues in an iterative and complimentary manner to achieve full segmentation. An
algorithm of this type would likely be performing segmentation in a manner similar to the
way that humans do it.

Finally, the current work does not take into account the effects of reverberation. Re-
verberation would make pitch determination more challenging by disrupting pitch cues.
Temporal smearing could make the effects of energetic masking more severe by filling in
the gaps that would allow the detection of a less energetic source. Other effects, such as
the mismatch between reverberant speech and acoustic models trained on clean speech,
would make segmentation as well as recognition a very challenging task. Future work could

investigate this and propose a method of handling reverberation for two-source mixtures.
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