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Abstract

It is well known that binaural processing is very useful for separating incoming sound sources
as well as for improving the intelligibility of speech in reverberant environments. This paper will
describe and compare a number of ways in which automatic speech recognition accuracy in dif-
ficult acoustical environments can be improved through the use of signal processing techniques
that are motivated by our understanding of binaural perception and binaural technology. These
approaches have been inspired by the classic models of interaural cross-correlation proposed by
Jeffress and elaborated on by many others, which have been applied to describe many binaural
phenomena. They are also motivated in part by the precedence effect, in which the earliest-
arriving components of a complex signal dominate perception. We compare the performance of
a number of methods that use two or more microphones to improve the accuracy of automatic
speech recognition systems operating in cluttered, noisy, and reverberant environments. Typical
implementations differ in the extent to which practical engineering solutions adhere to classical
binaural modeling, in the specific processing mechanisms that are used to impose suppression
motivated by the precedence effect, and in the precise mechanism used to extract interaural time
differences. We demonstrate that the use of binaural-based processing can provide substan-
tially improved speech recognition accuracy in noisy, cluttered, and reverberant environments
compared to baseline delay-and-sum beamforming. The type of signal manipulation that is most
effective for improving performance in reverberation is different from what is most effective for
ameliorating the effects of degradation caused by spatially-separated interfering sound sources.
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Binaural technology and automatic speech recognition

1 Introduction
We listen to speech (as well as to other sounds) with two ears, and it is quite remarkable how
well we can separate and selectively attend to individual sound sources in a cluttered acoustical
environment. In fact, the familiar term “cocktail party processing” was coined in an early study
of how the binaural system enables us to selectively attend to individual conversations when
many are present, as in, of course, a cocktail party. This phenomenon illustrates the important
contribution that binaural hearing makes to auditory scene analysis, by enabling us to localize
and separate sound sources. In addition, the binaural system plays a major role in improving
speech intelligibility in noisy and reverberant environments.

In this paper we discuss some of the ways in which the known characteristics of binaural pro-
cessing have been exploited in recent years to separate and enhance speech signals, and
specifically to improve automatic speech recognition accuracy in difficult acoustical environ-
ments. Like so many aspects of sensory processing, the binaural system offers an existence
proof of the possibility of extraordinary performance in sound localization and signal separa-
tion, but it does not yet provide a very complete picture of how this level of performance can
be achieved with the tools available in contemporary signal processing.

2 Aspects of binaural perception
2.1 Physical cues

A number of factors affect the spatial aspects of how a sound is perceived. As Rayleigh
noted [1], two physical cues dominate the perceived location of an incoming sound source.
An interaural time difference (ITD) is produced because it takes longer for the sound to arrive
at the ear that is farther from the source. The signal to the ear closer to the source is also
more intense because of the “shadowing” effect of the head, producing an interaural intensity
difference (IID). IIDs are most pronounced at frequencies above approximately 1.5 kHz because
it is only at these frequencies that the head is large enough to reflect the incoming sound wave.
While the fine structure of periodic sounds can be decoded unambiguously only for frequencies
for which the maximum physically-possible ITD is less than half the period of the waveform at
that frequency, or at frequencies below 1.5 kHz for typically-sized human heads, the ITDs of
low-frequency envelopes can also be used as a cue for the lateralization of higher-frequency
sounds.

2.2 Some binaural phenomena

The human binaural system is remarkable in its ability to localize single and multiple sound
sources, to separate and segregate signals coming from multiple directions, and to understand
speech in noisy and reverberant environments. There have been many studies of binaural per-
ceptual phenomena, and useful comprehensive reviews may be found in [2] and [3], among
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other sources, and some results relevant to robust speech recognition are reviewed more re-
cently in [4].

While the scope of this paper does not permit a comprehensive review of binaural phenomena,
a small number of major results that are especially relevant to this discussion include: (1)
the perceived laterality of sound sources depends on both the ITD and IID at the two ears,
although the relative salience of these cues depends on frequency. (2) The auditory system is
exquisitely sensitive to small changes and sound, and can discriminate ITDs on the order of
10 µs and IIDs on the order of 1 dB. Sensitivity to small differences in interaural correlation
of broad-band noise sources is also quite acute, as a decrease in interaural correlation from
1.00 to 0.96 is readily discernible. (3) The vertical position of sounds, as well as front-to-back
differentiation in location, is affected by changes in the frequency response of sounds that are
imparted by the outer ear, and reinforced by head-motion cues. (4) The intelligibility of speech
in noise is greater if the interaural differences of the target are different from those of the
masker. Some of this improvement can be attributed to the simple fact that one of the ears
has a greater effective SNR than the average, but binaural interaction also plays a significant
role (e.g. [5,6]).

It also has long been noted that in a reverberant environment the auditory localization mech-
anisms pay greater attention to the first component that arrives (which presumably comes
directly from the sound source) at the expense of the latter-arriving components (which pre-
sumably are reflected off the room and/or objects in it. This phenomenon is referred to as
the precedence effect or the law of the first wavefront. Blauert and others have noted that the
precedence effect is likely to play an important role in increasing speech intelligibility in rever-
berant environments (e.g. [7]). Nevertheless, while precedence has historically been assumed
to be a binaural phenomenon, it also could be mediated by the enhancement of the onsets of
envelopes of the auditory response to sound on a channel-by-channel basis. This has been
the basis for several approaches that have been successful in improving speech recognition in
reverberant environments, as will be noted below.

2.3 Models of binaural interaction

Most modern computational models of binaural perception are based on Jeffress’s description
of a neural “place” mechanism that would enable the extraction of interaural timing information
[8]. Jeffress postulated a mechanism that consisted of a number of central neural units that
recorded coincidences in neural firings from two peripheral auditory-nerve fibers, one from each
ear, with the same CF. He further postulated that the neural signal coming from one of the two
fibers is delayed by a small amount that is fixed for a given fiber pair. Because of the synchrony
in the response of low-frequency fibers to low-frequency stimuli, a given binaural coincidence-
counting unit at a particular frequency will produce maximal output when the external stimulus
ITD at that frequency is exactly compensated for by the internal delay of the fiber pair. Hence,
the external ITD of a simple stimulus could be inferred by determining the internal delay that
has the greatest response over a range of frequencies.

Colburn [9] reformulated Jeffress’s hypothesis quantitatively using a relatively simple model
of the auditory-nerve response to sound, and a “binaural displayer” consisting of a matrix of
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coincidence-counting units of the type postulated by Jeffress. These units are specified by the
CF of the auditory-nerve fibers that they receive input from as well as their intrinsic internal
delay. If the duration of the coincidence window is sufficiently brief, it can be shown that at
each CF the pattern of activity developed by these coincidence-counting units is approximately
the cross-correlation function of the neural response to the signals to the ears at that frequency
(after the peripheral auditory processing).

There have been a number of subsequent enhancements proposed for the basic Jeffress-
Colburn model. For example, Stern and Colburn describe a mechanism that predicts sub-
jective lateral position based on ITD and IID [10]. Lindemann [11], extending earlier work
of Blauert [12], added a mechanism that inhibits outputs of the coincidence counters when
there is activity produced by coincidence counters at adjacent internal delays, and introduced a
monaural-processing mechanisms at the “edges” of the display of coincidence-counter outputs
that become active when the intensity of the signal to one of the two ears is extremely small.
The contralateral inhibition mechanism enables the Lindemann model to describe several in-
teresting phenomena related to the precedence effect [13]. Gaik [14] extended the Lindemann
mechanism further by adding a second weighting to the coincidence-counter outputs that re-
inforces naturally-occurring combinations of ITD and IID. Stern and Trahiotis [15] proposed a
secondary network that recorded coincidences across frequency at each ITD, which reinforces
components of the representation that are consistent across frequency.

3 Application to robust speech recognition
There has been a great deal of interest over the past two decades in the application of knowl-
edge of binaural processing to improvements in the performance of automatic speech recog-
nition systems. In this section we describe a small sample of such systems, with regrets that
limitations of space preclude a more comprehensive listing of technologies and results. A more
comprehensive summary of many of these techniques may be found in [16].

3.1 Early approaches

The first application of binaural modeling to automatic speech recognition was by Lyon [17],
who combined an auditory model with a computational model of binaural processing based
on the Jeffress model, segregating the desired signal according to ITD. The model was eval-
uated only subjectively; it was reported to show improvement in “dry” environments, and less
improvement in the presence of reverberation.

Several systems based on various implementations of the systems developed by Blauert, Lin-
demmann and Gaik were developed in the 1990s including the “cocktail-party processor” de-
scribed by Bodden [18] which includes the computational model of Lindemann with contralateral
inhibition and the enhancements by Gaik which weight more heavily signal components with
plausible combinations of ITD and IID. Bodden and Anderson [19] later described an effective
improvement of 20 dB in SNR through the use of the Bodden processor and other enhance-
ments for simulated speech arriving on axis in the presence of noise at a 30-degree angle. The
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stimuli in these experiments were generated digitally with no attempt to incorporate a model of
reverberation.

3.2 Selective reconstruction based on ITD analysis and precedence-based onset enhance-
ment

For more than a decade a large number of systems have been developed and evaluated that
use principles of computational auditory scene analysis (CASA) and missing-feature recon-
struction. These systems typically analyze incoming speech signals from cluttered and po-
tentially reverberant acoustical environments to identify those components of the input which
are dominated by the target signal. A “mask” is developed that separates the desired input
components from those that are believed to be dominated by noise, distortion, or interfering
sources. The systems then “selectively reconstructs” the desired speech waveform based only
on these “good” components from the input or they develop features to represent it based on
the same subset of the input. Controlled evaluation of these systems in conditions that approxi-
mate reverberant environments has been greatly facilitated by the development and widespread
availability of room impulse response simulations based on the image method [20] such as RIR
[21] and ROOMSIM [22].

Many interesting systems were developed through a long series of collaborations between re-
searchers at Ohio State University and the University of Sheffield. For example, the system of
Roman et al. [23] localized targets in reverberant environments based on ITD and then deter-
mined which frequency components at that ITD are dominated by target components based on
empirical observations of the ITD and IID. Palomäki et al. [24] elaborated on that approach by
adding a mechanism proposed by Martin [25] to model the precedence effect before binaural
processing, and performance can be further improved through the use of missing-feature tech-
niques [26]. Martin’s precedence mechanism emphasizes the transient segments of incoming
signals, which are more likely to be in the direct field. Srinivasan et al. [27] developed sev-
eral types of ratio masks (representing the relative dominance of the target as a continuous
rather than a binary function) using a time-varying Wiener filter based on empirically-observed
combinations of ITD and IID developed by natural stimuli.

The CMU Robust Speech Group and colleagues have also developed a number of algorithms
based on selective reconstruction over the years including Zero-Crossing Amplitude Estimation
(ZCAE) [28], Phase Difference-Based Channel Weighting (PDCW) [29], and Spatial and Tem-
poral Masking (STM) [30]. All of these methods use some sort of selection of spectral-temporal
components based on short-time Fourier analysis and ITD or interaural phase difference (IPD),
as well as some sort of smoothing over time and frequency. The ZCAE algorithm estimates ITD
in each frequency band by comparing zero crossings from the two microphones, which proved
to be more effective than the more common method of estimating ITD from cross-correlation,
and develops a continuous mask analytically. The PDCW method performs the initial compo-
nent selection in the frequency domain (from IPDs), smooths over time directly and over fre-
quency by convolving the responses in frequency with a frequency-varying Gammatone-based
weighting function (the “channel weighting”). The STM method estimates ITD indirectly from in-
teraural correlation, which decreases when the target signal is corrupted by off-axis interfering

5



sources.

In addition to these ITD-based methods, we have also considered various methods of enhanc-
ing envelope onsets for improved recognition accuracy in reverberant environments, including
the temporal suppression components in Power-Normalized Cepstral Coefficients (PNCC) [31],
the Suppression of Slowly-Varying Components and the Falling Edge (SSF) algorithm [32], tem-
poral enhancement in the STM algorithm [30], and the Subband-based stationary-component
suppression method using HARmonics and Power ratio (SHARP) algorithm [33]. All of these
approaches are based on nonlinear processing of the energy in the spectral envelopes to
enhance transients, and they can be considered to be improved versions of the envelope
enhancement approach suggested by Martin [25] that had been used in the earlier work of
Palomäki et al. [24] and others. While all of these approaches assume that precedence-
type emphasis is imposed on the input signals monaurally before binaural interaction, results
of our pilot experiments (at least so far) appear to indicate that we get similar performance
precedence-type emphasis occurs after the binaural interaction, which is the way precedence
had traditionally been modelled.
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Figure 1: Comparison of spatial vs temporal masking for speech from the DARPA RM cor-
pus corrupted by an interfering speaker located at 30 degrees, using various simulated
reverberation times, 0 ms, 200 ms, and 500 ms. (Reprinted from [30])

3.3 Selected experimental results

In this section we review and discuss selected experimental results using some of the ap-
proaches discussed above. For more details about the experimental procedures and related
issues, the interested reader is encouraged to refer to the original sources which are available
at http://www.cs.cmu.edu/˜robust/papers.html

Figure 1 describes selected sample recognition accuracies for the DARPA Resource Manag-
ment (RM1) task using the Spatial and Temporal (STM) masking method [30]. The input con-
sists of a target speaker along the perpendicular bisector between a pair of microphones in
a room of dimensions 3 x 4 x 5 m, with an interfering speaker located at 30 degrees off
axis, both 1.5 m from the microphones. Reverberation times were simulated using the image
method. (Further experimental details may be found in [30].) Results are plotted as a function
of the target-to-interfering signal ratio in dB, with the three panels corresponding to the three re-
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Figure 2: Comparison of WER obtained using binaural-based PDCW with conventional
linear MMSE-based beamforming, as a function of the number of sensors. (Reprinted from
[34])

verberation times of 100, 200, and 500 ms. As noted above, the spatial masking component is
an implementation of a CASA approach, using ITD indirectly as the basis for selecting compo-
nents for reconstruction. The temporal masking component is an implementation of a method
to enhance envelope onsets (similar to the SSF and SHARP algorithms) that was motivated by
the precedence effect.

The results demonstrate that the ITD-based spatial masking by itself is effective for mitigating
the effects of the interfering sources from different azimuths, but its efficacy is sharply reduced
as reverberation time increases. In contrast, the temporal masking component reduces the
degradation in recognition accuracy caused by reverberation, but it is far less helpful than spa-
tial masking in coping with the effects of spatially separated additive interference. As expected,
the combination of the two approaches provides better performance over all conditions. Al-
though human audition differs from automatic speech recognition in many ways, we believe
that these observations provide some insight into the differing benefits provided by different
components of our binaural processing systems.

Figure 2 describes selected comparisons by Moghimi [34] of the effectiveness of “nonlinear
beamforming” provided by selective reconstruction (in this case using the PDCW algorithm
[29]) with conventional linear beamforming using adaptive sidelobe cancellation based on the
MMSE criterion [35]. These results indicate that with only two sensors the binaural-motivated
PDCW algorithm (red curve) outperforms the adaptive MMSE linear filter (green curve), but the
linear filtering overtakes ITD-based binaural separation as the number of sensors increases,
and outperforms binaural processing (at least as implemented in the PDCW) algorithm. (The
best-performing orange curve describes the performance of a method that combines PDCW
with linear filtering, as discussed in [34].)
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4 Summary and conclusions
In this brief review we have described a few of the binaural phenomena and models that have
become the basis for computational processing intended to improve automatic speech recog-
nition accuracy in cluttered and reverberant environments. Current speech processing systems
have obtained impressive improvements in recognition accuracy in the absence of significant
reverberation. The attainment of similar improvements in reverberant environments remains a
serious challenge, and this is the major focus of current research efforts.
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