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4 Noise Compensation
by Human Listeners

In many everyday situations, we are surrounded by sounds originating from a
variety of sources. These sounds might include a number of people speaking in
the background, a car passing by, music playing on the radio, a telephone ringing,
the wind blowing, and so on. The signals from each source are mixed together
when they enter the two ears to form a composite waveform. The frequency
components of each source are not constrained within an isolated region of the
spectrum but overlap with frequency components of other sources. The problem
of sorting out which components belong to which sound source is highly complex,
but it is a task that the brain performs effortlessly, at least by listeners with normal
hearing. In the context of signal processing, this task is equivalent to solving a
blind source separation problem: given a mixture of signals recorded with multiple
microphones, identify the target signal. How does the brain solve this blind source
separation problem?

The purpose of this chapter is to review the literature investigating the cues
used by human listeners when communicating in highly adverse conditions,
particularly in situations where multiple talkers are speaking in the background.
Understanding the strategies and acoustic cues used by human listeners to seg-
regate speech from other signals in adverse conditions is important for several
reasons. For one, such knowledge would tell us which spectral and temporal
characteristics of the speech signal need to be preserved by speech enhancement
algorithms. Second, it would help us design better speech enhancement algo-
rithms that would mimic listening strategies used by humans. Such algorithms
would hold promise in improving speech intelligibility in noise.

Research in this area was triggered by the seminal paper of Cherry [1] in the
early 1950s on the intelligibility of speech in multiple-talker conditions. He
referred to this listening task as the “cocktail party” problem, simply formulated
as: How do we understand what one person is saying when others are speaking
at the same time? The more general problem of segregating speech in the presence
of multiple noise sources (not necessarily speech) is commonly referred to as the
“auditory scene analysis” problem [2].

This chapter is organized into four sections. The first section reviews the
research on speech intelligibility in multiple-talker conditions. The remaining
sections focus on the various factors influencing speech segregation, including
the properties of the speech signal itself that shield information from distortion.
The perceptual strategies used by listeners for speech recognition in noisy envi-
ronments are discussed in the last section.
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4.1 INTELLIGIBILITY OF SPEECH IN
MULTIPLE-TALKER CONDITIONS

The intelligibility of speech in adverse conditions is greatly influenced by the §
spectral and temporal characteristics of the noise, specifically, whether the noise f
is stationary or nonstationary, narrow-band, or wide-band, modulated or contin- ]
wous (steady-state), and whether it is presented monaurally or binaurally [3]. In §
this section, we focus on intelligibility of speech in the presence of single or }

multiple talkers presented monaurally or binaurally. Because the interfering signal

in multiple-talker listening conditions is speech, we will use the term masker'to §
differentiate the interfering signal from the voice of interest, also called the target

voice.

4.1.1 Errect OF MASKER’S SPECTRAL/TEMPORAL
CHARACTERISTICS AND NUMBER OF TALKERS:
MoONAURAL HEARING

Several studies have demonstrated that the intelligibility of speech (presented ‘
monaurally) in multiple-talker conditions (e.g., in a restaurant) is greatly affected

by the number of competing talkers present as well as by the temporal charac-
teristics of the noise [4]. In an early study, Miller [4] obtained articulation scores |

— percent correct identification scores of monosyllabic words as a function of §
the intensity of the masker — for speech in the presence of one, two, four, six, }

and eight competing voices. The target voice was male, and the interfering voices }

consisted of equal number of male and female talkers. Results indicated that word ;

identification in the presence of two voices was significantly more difficult than

word identification in the presence of a single voice. Word identification became j

progressively worse as the number of voices increased, with only a small change §

in identification scores when the number of voices increased from four to eight. ]
When a large number of voices are present, the masker waveform becomes nearly |
continuous, leaving no silent gaps in the waveform. As we will discuss in Sec. 4.3.2
these gaps or dips in the waveform produce high-SNR segments in the signal }

that enable the listeners to “hear out” (glimpse) segments of the target voice.

Evidence of the idea that normal-hearing listeners are exploiting the gaps or |
dips present in speech waveforms corrupted by a single competing voice comes 1
from several studies. These studies compared speech intelligibility in the presence }

of steady-state continuous noise, amplitude-modulated noise, and single interfer-

ing voice. Results were reported in terms of the speech reception threshold (SRT), §

defined as the SNR (dB) at which 50% of the words are reliably identified (see

Chapter 10 for more details on how to measure the SRT). Several studies con-
firmed that it is more difficult to identify words in the presence of steady-state |
noise than in the presence of a single competing speaker. The difference in SRT {
(50% intelligibility level) can range from 6 dB [S5] to 10 dB [4]; that is to say,
listeners can identify words in steady-state noise or in the presence of a single |
competing talker with the same accuracy (50% correct) even when the SNR of §
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the competing-talker sentences is 6—10 dB lower. The interfering voice is therefore
a much less effective masker than steady-state noise when presented at the same
level. The intelligibility advantage gained by using a single (or a small number)
competing talker instead of steady-state noise as the interfering signal is described
in the literature as masking release [6,7].

Studies that investigated the effect of the masker’s temporal fluctuations
showed that the difference in SRT between stationary noise and modulated
noise was 4-6 dB [5,7,8]. Some studies used noise that was modulated by the
envelope fluctuations of the speech signal, whereas others used noise constructed
to have the same long-term spectrum as speech. The latter noise was used to
eliminate or reduce spectral difference cues between the target and interfering
signals. Other studies included time-reversed speech (i.e., speech played back-
wards) as maskers. These maskers were used to assess whether the difference in
performance (with competing speech maskers) can be attributed to differences in
temporal fluctuations or to the distractive linguistic contents of the interfering
sentence. A large release of masking (5 dB) was obtained with speech-modulated
maskers, suggesting that the temporal fluctuations in the interfering signal can
have a significant effect on speech intelligibility in noise despite the similarities
in the spectra of the signal and interfering noise. Masking release (of about 7
dB) was also obtained when time-reversed speech was used as the masker [5,8].
These findings provide evidence that the release of masking can be attributed
solely to the temporal fluctuations of the interfering signal rather than to spectral
differences between the masker and target signals.

Aside from the temporal fluctuations of the interfering signal, other factors
can potentially influence intelligibility of speech in the presence of a single
competing talker. These include gender differences and similarities in information
content of the target and masker speech. As one would expect, recognition is
easier when the talkers are of different sexes than when they are of the same sex
[9]. Similarities in the information content of the target and masker sentences
can also influence recognition, contributing to the so called “informational mask-
ing” [10]. Generally, it is believed that the difficulty normal-hearing listeners
experience with single-talker maskers is attributed to a combination of (1) “ener-
getic masking,” resulting from overlap of the target and masker in the auditory
periphery and (2) “informational masking,” resulting from competition between
the target and masker at more central stages of auditory processing [10]. Energetic
masking is considered to be a peripheral masking phenomenon occurring when
the energy from two (or more) sounds overlap both spectrally and temporally,
making signal recovery difficult. Teasing out the contributions of energetic and
informational masking has been a challenging task [10].

When the number of maskers or the number of voices increases beyond four,
the temporal fluctuations average out, and the composite masker approximates a
steady-state signal. Figure 4.1 (bottom panel) shows an example time waveform
of eight-talker babble resembling that of stationary white noise. Unlike the wave-
form of a single competing talker, the waveform of the eight-talker babble does
not contain any dips or gaps, at least in the time domain. Consequently, listeners
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FIGURE 4.1 Time waveforms of the sentence “The birch canoe slid on the smooth planks”
corrupted by a single-talker interferer (second panel from top) and 8-talker babble (thi
panel from top) at + 5 dB S/N. Top panel shows the sentence in quiet and bottom pane
shows the time-waveform of 8-talker babble. :

are not able to take advantage of any silent periods in the masker to hear out the
target signal. :

As demonstrated earlier, normal-hearing listeners benefit a great deal from
the temporal fluctuations present in the interfering signal. In contrast, hearin,
impaired listeners receive little benefit. Whereas normal-hearing listeners gain
about 6-10 dB when steady-state noise is replaced by interfering speech or
modulated noise, hearing impaired listeners gain no more than 0-2 dB [5]. This
reduced release of masking is partly responsible for the difficulty hearing:
impaired listeners experience in understanding speech in noisy situations.

So far, we have considered intelligibility of speech in the presence of multiple
talkers when presented monaurally, as for instance, through telephones that is
listeners had to rely exclusively on monaural cues to recognize the target signal
The situation becomes more complicated when speech is presented binaurally
as the spatial locations of the signal and noise sources, among other factors, can
significantly affect speech recognition. The latter situation is more realistic as i
reflects everyday listening situations.
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1.2 Errect OoF SOURCE SpaTiAL LocaTion: BiNnaurat HEARING

real-world listening scenarios, competing voices (along with other types of
ise) typically originate from different locations in space. Consequently, each
ear receives a slightly different signal. The signals emanating from various sources
h the two ears at different times and with different amplitudes owing to the
ttenuation from the mass of the head, often called head shadow. The differences in
amplitude level due to head shadow are called interaural level differences (ILDs),
and the differences in time of arrival are called interaural time differences (ITDs).
Both ILDs and ITDs provide cues to sound localization and also contribute to
naural intelligibility of speech under noisy conditions.

It is reasonable to expect that binaural speech intelligibility is affected by the
patial distribution of the noise sources (i.e., their location with respect to the
istener) and the number of sources. Several studies demonstrated large intelligi-
ility benefit when the noise source was moved spatially away from the target
mg the horizontal plane [11-13]. In these studies, speech was presented from
he front (0° azimuth), whereas the noise (single interfering noise source) was
esented from various angles (azimuths) in the horizontal plane. Results indi-
cated that the largest benefit (10~12 dB) in terms of SRT improvement occurred
when the interfering sound source was located at 110-120° azimuth. This binaural
benefit — often called spatial release of masking — is attributed to two compo-
nents: one caused by head shadow, i.e., access to a “better” ear with more
favorable SNR, and the other caused by interaural time delays (ITDs) [14]. To
better understand the head shadow advantage, consider, for instance, the situation
here the noise source is at 90° azimuth and the target signals come from the
ont of the listener. The ear contralateral to the noise source will receive a better
NR signal owing to head shadow, thus making it easier for the listener to identify
he words spoken by the target speaker. The difference between the SRT obtained
“using the better ear (i.e., ear contralateral to the noise source) vs. the worse ear
ear closest to the noise source) can be as large as 8 dB when there is only a
ingle masker present and the target signal comes from the front [11]. This
ifference, however, gradually disappears as the number of noise sources
creases and the noise sources get distributed around the head [11].

When multiple noise sources are present, the spatial configuration of the
sources has a large impact on speech intelligibility. More specifically, the spatial
separation of the sources and the distribution of the sources around the listener
play a critical role in speech intelligibility [11,12,15,16].

To illustrate this, we will consider the data collected in [12], in which target
sentences were presented from the front and one to three interfering speakers
were presented from different locations. To evaluate the benefit incurred with
hstenjng with two ears (binaural hearing) vs. listening with one ear (monaural
hearing), data were collected for both binaural and monaural listening conditions.
The various spatial configurations considered were simulated by convolving
anechoic head-related impulse responses [17] (for different positions and the left
and right ears) with the speech material. The “virtual” stimuli were presented
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FIGURE 4.2 Binaural and monaural speech intelligibility (top two panels) as a function
of masker (single talker) position expressed in degrees. Target signal was coming from
the front of the listener, i.e., from 0°. Masker location of 0° indicates the front direction,
positive angles indicate directions from the right of the listener, and negative angles indicate
directions from the left of the listener. Masker was a single talker. Bottom panels show
the advantage (in dB) gained when listening with two ears (see text for explanation).

binaurally to the listeners through beadphones. The results are plotted in
Figure 4.2 for a single interfering speaker and in Figure 4.3 for three interfering
speakers. These results are expressed in terms of SRT (dB), for recognition of
IEEE sentences [18]. A 10-dB SRT improvement was obtained simply by moving
the noise sources (three talkers) at 90° azimuth. A smaller improvement (5 dB)
was obtained when the three interfering speakers were located at (30°, 60°, 90°).
Data from monaural listening are shown in panel b for comparison. In the
monaural condition, the left ear was used as it was considered to be the “better”
ear for the majority of the noise configurations (see Figure 4.3). Clearly, better
performance is obtained with binaural than with monaural hearing, even when
listening through the “better” ear — the ear farthest from the noise sources. As
expected, the configuration (-30°, 60°, 90°) is least favorable for monaural
hearing as the noise sources (interfering talkers) are distributed on both sides (left
and right) of the listener.

The bottom panels in Figure 4.3 and Figure 4.2 summarize the results in terms
of the total advantage, gained by the mere fact that the noise sources are spatially
separated (total spatial release of masking), and its two additive components:
monaural advantage and binaural advantage (also called binaural squelch).
The monaural advantage is defined as the difference in SRT between each monaural
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FIGURE 4.3 Binaural and monaural speech intelligibility (top two panels) as a function
“of the position of three different interfering talkers (maskers). The spatial configuration
- (30°, 60°, 90°) for instance indicates that the three interfering talkers were located at 30°,
- 60°, and 90°, respectively. Target signal was coming from the front of the listener, i.e.,
Tom (°. Bottom panels show the advantage (in dB) gained when listening with two ears
- (see text for explanation).

(best-ear listening) condition where the noise and target are spatially separated and
the unseparated condition (both speech and noise come from the front). The binaural
advantage is defined as the part of the total spatial release advantage that is not
“accounted for by the monaural advantage. The binaural advantage reflects the true



i - yration, with the largest benefit obtained at (90°, 90°, 90°) where the noise sources

Speech Enhancement: Theory and Practice

%eﬁeﬁt obtained when listening with two ears over listening with just the better
“monaural ear. The total advantage is greatly affected by the noise spatial config-

were locally isolated.

The monaural advantage is also affected by the spatial configuration and
- disappears once the interfering sources are spatially distributed on the right and
left of the listener. This finding suggests that the head shadow plays a minor
role in realistic listening environments when competing noise sources (e.g.
speakers) surround the listener. Unlike the monaural advantage, the binaural
advantage is more robust to spatial configurations. The data in [12] showed that
the binaural advantage increased as the number of interfering talkers increased
from 1 to 3, varying from a low of 3 dB (one interfering talker) to 7 dB (three
interfering talkers) improvement in SRT. The temporal properties of the inter-
fering sound can affect the binaural advantage, with larger benefits obtained
with multiple speech maskers [12,13,19] than with multiple noiselike maskers
(e.g., continuous, speech-modulated). For the latter maskers, a limited 3 dB
binaural advantage was maintained in [11] independent of the spatial configu:
ration (symmetric vs. asymmetric) and number of speech-modulated noise
sources.

As indicated earlier, when multiple noise sources are present, the importan
of spatial configuration increases. In fact, the effect of spatial configuration
greater than that of adding or removing one source; that is, one can compensate
for an additional interfering noise source simply by choosing a more favorable
configuration [15]. In the study by Yost et al. [16], the scores for correct identi-
fication of words, letters, and numbers presented simultaneously from three
different sources increased by 30% when the angle between adjacent sources
increased from 30° to 90°. In contrast, the scores increased only by 10% whe
the number of noise sources was reduced from 3 to 2. The study concluded tha
binaural hearing does provide significant benefit when there are more than two
noise sources present. It should be noted that a “divided attention” task was used
in the preceding study, in that listeners were asked to identify all active sound
sources rather than identify a particular source, as is typically done in mo
studies. The latter task is referred to as selective attention task because the listen
attends to one source while ignoring other competing sources. Some argue th
the selective attention task is more reflective of “cocktail party” situations, whe
we attend to one voice while ignoring other voices.

As mentioned earlier, access to both ILD and ITD cues contributes to binaural
speech intelligibility. However, the contributions of ITD and ILD cues are n
additive and depend on the spectral content of the speech material as well as t
spatial configuration of the noise sources [20,21]. The benefits of ITD and IL.
cues are known to be frequency dependent, with the ITD cues being more use:
in the low frequencies and ILD cues being more useful in the high frequenci
This dependence is due to the fact that low frequencies are diffracted arou
the head with little attenuation, while high frequencies (>4 kHz) are heavily
attenuated.
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Several studies investigated the individual contributions of ILD and I'TD cues
by creating stimuli that contained either ILD cues alone, ITD cues alone, or both
20,21]. Results from [21] indicated that the use of ILD cues is dominated by
“pest-ear listening (see Figure 4.4). This was based on the fact that intelligibility
f ILD-only stimuli was the same in the (30°, 60°, 90°) configuration, where the
oise sources were spatially separated from speech, as it was in the (0°, 0°, 0°)
configuration, where the noise sources were coincident with speech. From Figure 4.4,
is clear that the use of ILD cues is heavily influenced by the location of the
ise sources. Performance in the (—30°, 60°, 90°) configuration, for instance,
vas significantly worse than performance in other configurations because the
neise sources were distributed across the two hemifields. In contrast, the use of
1TD cues is relatively more robust (see Figure 4.4) to the location of noise sources,
uggesting that the binaural system is able to exploit ITDs even in complex
stening situations where multiple speakers might be present.

Considerable effort has been made to find ways to predict the binaural benefit
om spatial release of masking [14,22]. One simple formula that was found to
tk quite well in predicting binaural intelligibility data is the one proposed in
14]. For speech presented from the front, the release of masking due to spatial
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IGURE 4.4 Binaural speech intelligibility as a function of the position of three different
terfering talkers (maskers). Signals were processed so as to contain both ITD and ILD
es (left panel), or ILD cues only (right panel), or ITD cues only (bottom panel). Target
ignal was coming from the front of the listener, i.e., from 0°.
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sepatation (i.e., the difference in SRT for speech and noise presented from th
front, vs. speech and noise being spatially separated) is given by:

N N
tof1- 13" 19
R=Cla 1-;; ’ cos@i}-i-ﬁNl sing,

i=1 =]

@.1

where R is the predicted release from masking, C is a constant (C=0.85-1
used to account for differences in speech material, o and § are constants, N i
the number of noise sources, and 6, is the azimuth of the ith noise source. Good:
fit with experimental data were found with o =1.38 and $=8.02. The cosing
term in Equation 4.1 estimates the average displacement contribution betwee
the target (coming from the front) and each of the N noise sources, and the sin
term estimates the symmetry contribution of the noise sources. The sine term
assumes a smaller value when the noise sources are symmetrically located.

It should be noted that all the data discussed so far were obtained in anechoi
conditions, i.e., in the absence of reverberation. In realistic environments ther
might be reverberation in the room, and speech intelligibility will deteriorate
because: (1) the contribution of head shadow will be reduced, causing in turn 4
reduction in binaural release of masking, and (2) there will be a smaller gai_
from temporal fluctuations of the noise sources. A small number of studies wer:
conducted in realistic listening conditions where reverberation might be presen
(e.g., [23] and [24]).

4.2 ACOUSTIC PROPERTIES OF SPEECH
CONTRIBUTING TO ROBUSTNESS

The speech signal itself possesses a number of properties that shield it from
external distortion. These properties are described next.

4.2.1 SHAPE OF THE SPEECH SPECTRUM

The shape of the long-term average speech spectrum can tell us a great deal abou
which frequency regions of the spectrum are most likely to be affected by
distortion and which ones are most likely to be affected the least. Figure 4.5
shows the long-term average speech spectrum (LTASS) obtained from a large
number of native speakers of 12 different languages [25]. The LTASS was esti-
mated by filtering speech through 25 1/3-octave-wide filters spanning the rang
of 63-16000 Hz, and computing the root-mean-square (rms) level within each
band. The 1/3-octave analysis was performed using 125-msec segments of speech
and averaged over a 1-min recorded passage. Figure 4.5 shows separately the
LTASS spectra obtained for male and female speakers. As one would expect, the
difference between the male and female LTASS is most prominent in the very-
low-frequency region, reflecting the lower fundamental frequency of male speakers
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FIGURE 4.5 The long-term average speech spectrum from 10 adult males (open squares
symbols) and 10 adult females (filled triangles symbols) for 12 different languages.

Vost of the speech energy lies below 1 kHz, with a peak at 500 Hz. Speech
energy gradually decreases starting at 500 Hz.

 Itis clear from Figure 4.5 that the LTASS has a low-frequency dominance.
is low-frequency emphasis of the LTASS shields speech information from
distortion and noise for several reasons:

1. With decreasing S/N levels, the low-frequency region is the last to be
masked by noise. Generally, the low-frequency region will be masked
to a lesser degree than the high-frequency region (see example in
Figure 4.6). This holds for both white and pink-type of input noise.
The effect, however, is more evident with white noise.

2. As a direct consequence of the above, listeners will have access to
reliable F1 and partial F2 information [26]. Such information is
critically important for vowel identification and stop consonant
perception.

3. Speech harmonics falling in the low frequencies will be affected less
than the high-frequency harmonics. Listeners will therefore have access
to relatively reliable FO cues needed for segregating speech from com-
peting voices.

4. Neural phase-locking provides an effective means of temporally coding
information pertaining to the lower formant frequencies [27], and is
known to be preserved at the auditory nerve level up to 4-5 kHz.

5. Auditory frequency selectivity is sharpest in low frequencies and
decreases at high frequencies [28]. This enables listeners to make
fine FO distinctions, important for segregating speech in multitalker
environments.

Each of the preceding factors contributes to the robustness of speech information
in noisy conditions.
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FIGURE 4.6 LPC spectra of the vowel /el/ (male speaker, FO = 144 Hz) overlaid wi
the LPC spectra of multitalker babble scaled at different S/N ratios. The LPC spectra o!
the noise are shown prior to addition of the clean vowel at the indicated S/N ratios. Dash
lines show the clean FFT and LPC magnitude spectra.

4.2.2 SeectrAL Peaks

The low-frequency spectral peaks are more likely to be preserved in noise than
the spectral valleys [26]. This is illustrated in Figure 4.7 which shows the line
predictive coding (LPC) spectra of the vowel /eb/ (as in “head”) corrupted in
to 10 dB multitalker babble. As can be seen, the frequency locations of the firs
three peaks, corresponding to the lower three formants (F1-F3), do not chang
by much after adding noise. For this particular example, the F1 peak locatio
appears to shift from 691 Hz in quiet to 633 Hz in O dB, whereas the F2 peak
location appears to change from 1879 Hz in quiet to 1726 Hz in 0 dB. As on
might expect, the effect of noise on the location of the spectral peaks will depen
on the spectral characteristics of the noise, and this is demonstrated in Figure 4.8
which shows the FFT and LPC spectra of the vowel /eh/ corrupted in white nois
at +5 and O dB S/N. As can be seen, white noise reduced the dynamic range an
spectral contrast (peak-to-valley ratio) of the vowel, possibly to a greater exten
compared to babble. However, the frequency location of the first peak correspond- -
ing to F1 did not change by much even at 0 dB.

The frequencies of the first three formant (F1-F3) peaks as well as thei
trajectory over time (i.e., the formant transitions) provide valuable cues to listeners -

Speech Enhancement: Theory and Practice

Noise spectra

~5dB.
b 10dB
Clean spectrum A T
' P
L v :,‘a Hls
b
l",'t:
[
- i
L . L . ; : :
0 500 - 1000 1500 2000 2500 3000 3500 4000 4500 5000

Frequency (Hz)



{vise Compensation by Human Listeners

w

30+

Magnitu;ie (dB)

AN
Clean spectrum ~

_40 ; . . ; . ; . . g
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Frequency (Hz)

TGURE 4.7 LPC spectra of the vowel /eh/ (same as in Figure 4.6) corrupted by multi-
ker babble at -5 to 10 dB S/N.
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FIGURE 4.8 LPC spectra of the vowel /eh/ corrupted by white noise at 0 and 5.dB SIN
‘ The noisy spectra were shifted down for clarity.
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vowel [29], glide [30], and stop-consonant perception [31]. As the examples
igure 4.7 and Figure 4.8 demonstrated, the lowest two formant peaks are no
acted in noise as much as the higher formant peaks. But to what extent is ther

_reliable F1 and F2 information in noise?
: . The study in [26] showed that F1 is preserved to a certain degree in noise
Figure 4.9 plots the percent of frames for which F1 and F2 were reliably detected
in babble as a function of S/N ratio. This data was based on acoustic analysis o
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FIGURE 4.9 Percentage of frames for which F1 and F2 were reliably detected in multi-
talker babble and speech-shaped noise as a function of S/N ratio. (From Parikh, G. and
Loizou, P. (2005), J. Acoust. Soc. Am., 118(6), 3874-3888. With permission.)



se Compensation by Human Listeners 83

‘yowels produced in /hVd/ context by 23 different female speakers and 20 male
wkers. Acoustic analysis indicated that F1 was detected more reliably in noise
a F2. In multitalker babble at —5 dB S/N, for instance, F1 was identified 60%
the time whereas F2 was identified only 30% of the time (these values were
~sbtained by summing the percentages of “F1 only” and “F1&F2” in Figure 4.9).
rhe results from [26] suggest that in extremely noisy conditions, listeners are
sle to identify vowels based on arelatively accurate F1 representation and partial
2 representation.

In summary, noise may distort the shape of the spectrum, change its slope,
reduce the spectral dynamic range (see Figure 4.8), but the frequency loca-
“of the lower formant peaks are preserved to some degree (see example in

igure 4.7).

2.3 PerioDiciTy

45 described in Chapter 3, the opening and closing of the vocal folds during
vicing produces periodic waveforms (voiced segments of speech). The time
uration of one cycle of the vocal folds’ opening or closing is known as the
ndamental period, and the reciprocal of the fundamental period is known as
“yocal pitch or fundamental frequency (FO). The fundamental frequency FO
s from a low of around 80 Hz for male speakers to a high of 280 Hz for
ldren [29]. The presence or absence of periodicity signifies the distinction
een voiced and unvoiced sounds (e.g., between [d] and [t]). The FO period-
y is also responsible for the perception of vocal pitch, intonation, prosody,
d perception of lexical tone in tonal languages.

The voiced segments of speech (e.g., vowels) are quasi-periodic in the time
omain and harmonic in the frequency domain. The periodicity of speech is
adly distributed across frequency and time and is robust in the presence of noise.
ure 4.10 shows the FFT spectra of the vowel /eb/ in quiet and in noise. It is
ar that the lower harmonics are preserved in noise, at least up to 1 kHz. This
gests that listeners have access to relatively accurate FO information in noise.
h information, as we will discuss later (Section 4.3.3), is important for under-
tanding speech in situations where two or more people are speaking simulta-
neously [32].

2.4 RaPiD SPECTRAL CHANGES SIGNALING CONSONANTS

nlike vowels, consonants are short in duration and have low intensity. Conse-
yently, they are more vulnerable to noise or distortion compared to vowels. The
uration of the /b/ burst for instance can be as brief as 5-10 msec. Vowels on the
other hand can last as long as 300 msec [33].

- Formant transitions associated with vowel or diphthong production are slow
and gradual. In contrast, consonants (particularly stop consonants) are associated
vith rapid spectral changes and rapid formant transitions. In noise, these rapid
spectral changes are preserved to some degree and serve as landmarks signaling
the presence of consonants. Figure 4.11 shows example spectrograms of a sentence
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FIGURE 4.10 Example FFT-magnitude spectra of the vowel /el/ corrupted by multitalker
babble at 0 and 5 dB S/N. The noisy magnitude spectra were shifted down for better clarity.
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FIGURE 4.11 Spectrogram of the sentence “The birch canoe slid on the smooth planks”
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mbedded in +5 dB babble noise. Note that the low-frequency (and intense) vowels
< alternate frequently with the high-frequency (and weak) consonants, resulting in
sudden spectral changes. For instance, the low-frequency spectral dominance at
near 500, 1000, and 1700 msec is followed by a sudden dispersion of spectral
nergy across the spectrum. These sudden spectral changes coincide with the onsets
of consonants. Although for the most part the high-frequency information is
meared and heavily masked by the noise, the onsets of most of the consonants are
preserved (see arrows in Figure 4.11). There is evidence from neurophysiologic
studies (e.g., [34]), suggesting that peripheral or central adaptation mechanisms exist
that improve the prominence of spectral components with sudden onsets. The
response of auditory nerve fibers to tone bursts is maximal at the onset of the
" stimulus, and gradually decays to its steady-state value.

4.3 PERCEPTUAL STRATEGIES FOR LISTENING
IN NOISE

1 a previous section (Section 4.1), we described how listeners are able to carry
a conversation in the most adverse conditions, which might include highly rever-
berant rooms with multiple speakers in the background. But, how can the auditory
system achieve such a feat? For one, the speech signal itself is shielded in many
ways from external distortion (see Section 4.2). Furthermore, human listeners
utilize several perceptual strategies that facilitate speech segregation. These lis-
ening strategies are discussed next.

4.3.1 AUDITORY STREAMING

‘Consider a mixture of sounds consisting of speech and other sources, including,
ay, the sound of the wind blowing through the window, cars passing by, a
elephone ringing, etc. Bregman [2] proposed that humans can analyze such an
auditory scene and are able to segregate speech from the other sources by grouping
ogether components of a sound mixture according to their sources. He referred
to the components belonging to the same source as quditory streams.

Two different types of groupings were suggested as necessary to segregate
speech by: (1) linking events that follow one another in time (sequential group-
ing), and (2) integrating components that occur at the same time in different
egions of the spectrum (simultaneous grouping). Sequential grouping can be
done by tracking characteristics of the speech signal that vary slowly over time.
For instance, listeners might exploit trajectories of formant peaks that vary slowly
over time and frequency to track a voice in background noise. Simultaneous
grouping can be done by exploiting differences in pitch (FO) between competing
voices, differences in the shape of the spectrum envelope, and differences in the
spatial location of the sources. In running speech, pitch (FO) is always changing,
and two voices are not likely to follow exactly the same pitch contour at the same
time. Segregation based on FO can be done, for instance, by looking for one or




Speech Enhancement: Theory and Practi

monics that can account for as many of the frequency components in
pectrum as possible, and then allocating all the components belonging to th
fundamental frequency (FO) to the same auditory stream. This suggests &
nonic sieve mechanism that excludes harmonic components whose freque
cies do not correspond to integer multiples of a given fundamental frequenc
‘Such a mechanism was proposed as a plausible model of pitch perception [35
¢ According to Bregman [2], the foregoing two grouping mechanisms ar
" governed by primitive auditory constraints such as the constraint that most speec
characteristics (e.g., FO, formants) tend to be continuous and change slowly o
time. They are called primitive in that they probably exist from infancy, i.e., the
are innate, and do not rely on higher cognitive functions. Primitive auditor
constraints utilize a bottom-up approach to auditory scene analysis. Bregm
[2, Chapter 4] further proposed that auditory scene analysis is governed by learne
constraints, which he called schema-based constraints. These constraints utili
a top-down approach to auditory scene analysis. The schema-driven segregatio
process is presumed to involve the activation of stored (learned) knowledge
familiar patterns in the acoustic environment (e.g., sounds of musical instrument
bells ringing, etc.), including learned knowledge of the language (e.g., languag
structure, semantics, grammar). Evidence of schema-based segregation is ps

vided by studies of sine-wave speech [36]. When the formant trajectories of
sentence are replaced by sine waves following the formant frequencies, listene;
can frequently recogmize the words in the sentence, despite the fact that th
synthesized sentence sounds unnatural, synthetic, and robotic. Listeners must
utilizing speech-specific knowledge about production to be able to fuse t
perceived formant tracks into a single auditory stream. Such knowledge
acquired from extended exposure to the acoustic properties of speech.

4.3.2 LisTENING IN THE GAPS AND GLIMPSING

As mentioned earlier, there is evidence from several studies confirming that it
more difficult to identify words in the presence of steady-state noise than in thy
presence of a single competing speaker. The difference in SRT (50% intelligibilit
level) can be large, ranging from a low of 6 dB [5] to a high of 10 dB [4].
difference is attributed to the fact that listeners are exploiting the silent gaps o
waveform “valleys” in the competing signal to recognize the words in the targ
sentence. These gaps or amplitude valleys can potentially enable listeners t
“glimpse” entire syllables or words of the target voice. During the gaps in
competing signal, the local (segmental) SNR is quite favorable. Clearly, the loca
SNR will be fluctuating over time, yet the listeners are able to exploit the local high-
SNR segments of the noisy signal and extract (glimpse) useful information. Noty
that a similar situation occurs when the noise and speech signals are spatially sep:
rated. Listeners are able to utilize the “better” ear, i.e., the ear with the highest SNR;
torecognize the target voice. Humans possess a remarkable ability to exploit segmen
of noisy speech with highest SNR in both monaural and binaural listening situation:
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The listening-in-the-gaps account of speech segregation falls apart, however, . <
1 there are large numbers (more than 4) of competing voices present because
masker waveform becomes nearly continuous, leaving no silent gaps in the
waveform (see Figure 4.1). In such situations, different listening strategies are
obably employed.

- A different view of glimpsing was proposed by Cooke [37,38], extending and
neralizing the aforementioned idea of listening in the gaps. This new view was
ised on a different definition of what constitutes a glimpse: “a time-frequency
jon which contains a reasonably undistorted ‘view’ of local signal properties”
81, Useful signal properties may include signal energy or presence of reliable
and formant frequency information. Glimpses of speech in background noise
y, for instance, comprise all time-frequency areas or slices having a local SNR
sxceeding a certain threshold value (e.g., 3 dB). The assumption is that the
teners are able to detect “useful” glimpses of speech, which are possibly
gecurring at different times and occupying different regions of the spectrum, and
- able to integrate ali these glimpses (as different pieces of the puzzle) to
ognize the target speech. Computational models of glimpsing were developed
F robust automatic speech recognition by modifying the recognition process to
fow for the possibility of “missing data” [39,40]. Despite the attractive appeal
glimpsing as a means of speech separation, there still remain several issues to
 resolved. Foremost among those issues is the question of what constitutes a
“useful” glimpse and whether glimpses contain sufficient information to support
ntification of the target signal.

.3 Use oF FO DirrereNcEs

is generally accepted that it is easier to recognize competing speech when
the target and masker voices are of opposite sex. The difference in FO between
ale and female voices could be as large as 100 Hz [29]. Several studies have
‘demonstrated that the difference in fundamental frequencies of the masker and
target voices is critically important for recognizing speech in competing voices.
okx and Nooteboom [32] first demonstrated this by artificially modifying the
speech of two talkers to have a monotonous (i.e., flat FO contour) pitch and
en synthesizing the monotonous sentences with an LPC vocoder. They varied
the FO difference between the target and masker voices from 0 to 12 semitones
(1 octave). Results indicated that word identification accuracy was the lowest
when the target and masker had the same FO and gradually improved with
nereasing differences in FO (see Figure 4.12). A mere difference of 3 semitones
(FO = 100 Hz vs. FO = 120 Hz) was sufficient to produce a significant increase
in the number of words identified from 40% correct to 60% correct. Identifi-
cation accuracy was low when the pitch of the two voices was exactly one = -
octave apart, which is the condition where every second harmonic of the highe:
pitched voice coincides with a harmonic of the lower pitched voice. Thes
findings were replicated and extended by Bird and Darwin [41], who sh
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FIGURE 4.12 Results from two studies (B&N [32] and B&D [41]) on intelligibility of
sentences corrupted by a single interfering talker as a function of the FO difference of
target and interfering talkers. The FO difference is expressed in semitones with 12 semi:
tones equaling one octave.

that identification accuracy continues to improve up to an FO difference of §
semitones (see Figure 4.12).

A similar outcome has emerged from studies examining the contribution of
in the perception of “double vowels™ [42] — pairs of vowels played simultaneously
on different fundamentals (FO). The listeners’ task is to identify both vowels. Seve:
studies demonstrated that performance is above chance level even when the twe
vowels have the same FO [42-44]. Identification improves significantly, howev
as the FO difference is increased from 0 to 2 semitones, but does not improve furth
beyond 2 semitones. Overall, the contribution of FO is greater and more evident
“double sentences” [32,41] than for “double vowels” [43].

The separation of two voices on the basis of fundamental frequency is believ
to be mediated by simultaneous grouping mechanisms. Harmonics correspondi
to the same FO are presumably grouped together to form a single auditory stream
Such a grouping, for example, can potentially aid the listeners to identify and track
(over time) formant peaks belonging to the target speaker. A number of algori
have used this principle for automatic separation of two voices [45-47].

4.3.4 Use oF Lincuistic KNOWLEDGE

Intelligibility of speech in adverse conditions is greatly influenced by the ability
of listeners to exploit linguistic knowledge, particularly when the cues contain
in the acoustic signal are weak. The presence of semantic context, in particular,
can lead to higher intelligibility of sentences as it restricts the range of plausibl
words [48].

Early experiments by Treisman {49] demonstrated that the linguistic conten
of the interfering message can greatly influence speech recognition. Competin
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speech in the same language and similar in content as the target speech was fourid
to be the most disruptive. Least disruptive was competing speech spoken in an
‘unfamiliar foreign language. Access to learned knowledge about the language
provides linguistic constraints useful in a schema-based perceptual segregation
process [2].

:4,3.5 Ust oF SpatiaL AND Visuat Cuts

In real-world environments (e.g., in a crowded restaurant), competing voices
originate from different locations in space. The acoustic signals arriving at the
two ears of the listener will have different intensities (ILDs) and different times
of arrival (ITDs). The ILD and ITD cues are used by listeners in spatial segre-
gation of voices. The ILD cues alone, by the virtue of providing access to a
“petter ear,” provide a large benefit in speech intelligibility provided the noise
sources are not symmetrically located around the listener [20]. The ITD cues
alone are effective cues for tracking a particular sound over time, but are not
effective for segregating the speech of a single talker from competing talkers
[50]. In concert, the ILD and ITD cues provide a large binaural advantage in
“situations where the speech and noise sources are spatially separated [12].

In real-world environments, and particularly in face-to-face communication
settings, listeners also have access to visual cues. The visual cues provide syn-
chronization between the acoustic signal and the movements of the articulators
(e.g., tongue, lip). Having access to such visual information can aid in discrim-
ination of certain confusable consonants (e.g., /p/ vs. /t/, /m/ vs. /n/) differing in
place of articulation. Discrimination of /t/ vs. /p/, for instance, can be difficult in
noise in the absence of visual cues, but it becomes extremely easy if the listener
watches the lips of the target speaker. It is relatively easy to identify the labial
consonants (e.g., /p/, /b/) because these consonants are produced with the lips
closed. .

Several studies have demonstrated the intelligibility benefit gained by inte-
grating acoustic and visual information [51]. In [51], sentence recognition in
noise was assessed in both auditory-only and audio-visual conditions, using
sentences ranging in lip reading difficulty from easy to hard. Results indicated
that the overall benefit conferred by visual cues was equivalent to an effective
-improvement in the SNR of 11 dB. As expected, the better lip readers benefited
more than the poor lip readers. Other studies also demonstrated a significant
benefit in intelligibility even when limited amounts of acoustic information sup-
plemented speech reading [52].
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- 4.4 SUMMARY

The present chapter provided a brief overview of auditory scene analysis by
human listeners. Human listeners (with normal hearing) are able to carry on a
conversation in the most adverse conditions for two main reasons. First, the
information in speech is shielded from distortion in several ways (see Section 4.2).
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ely, the speech signal possesses a number of properties (e.g., low
~of speech spectrum, spectral peaks) that protect the informatio
ained in the signal from external distortion and interference. In the contex
» reduction algorithms, this suggests that these properties (e.g., spectral
5, FO information) need to be preserved to avoid any degradation in speec
héibﬂity Second, multiple listening strategies are used by listeners t
accommodate various listening scenarios where not all cues might necessarily b
 present (Section 4.3). In the absence of visual and spatial cues (e.g., listening via
the telephone), for instance, listeners must be using alternative listening strategie:
~ (e.g., FO differences between the target speech and competing talkers, linguisti
constraints, glimpsing, etc.) to communicate in noisy environments.

The area of auditory scene analysis is vast and remains an active topic o
research not only for scientists interested in cognition but also for people inter:
ested in developing computational models for automatic speech separation. Thi
chapter has barely scratched the surface of this topic. For more information o
auditory scene analysis, the interested reader is referred to reviews [3,14, 53—56
as well as books [2,57].
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