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Abstract. Whenever the speech signal is captured by a microphone distant from the user, the
acoustic response of the room introduces sgni cant distortions. To remove these distortions from
the signal, solutions exist that greatly improve the ASR performance (what was sid?), such
as dereverberation or beamforming. It may seem natural to apply those signal-level methods
in the context of speaker clustering (who spoke when?) with distant microphones, for example
when annotating a meeting recording for enhanced browsing experience. Unfortunately, on a
corpus of real meding recordings, it appeared that neither dereverberation nor beamforming
gave any improvement on the speaker clustering task. The present t echnical report constitutes
a rst attempt t o explain this failure, through a crosscorrelation analysis between close-talking
and distant microphone signals. The various frequency bands of the speech spectrum appear to
become desynchronized when the speaker is 1 or 2 meters away from the microphone. Further
directions of research are suggested to model this desynchronization.
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1 Introduction

The information ow from humans to computers is most often limited by keyboard usage because
the information ow is usually much lessthan in speed, and because keyboard usage hampers in-
teractions between humans. Removing this bott lened< would transform computers into truly helpful
asdstants. One possble diredion is \distant speed processng", where the information ow comes
from the speed signal acquired by a microphone untethered to, and distant from the user. The
acoustic response of the room introduces sgni cant distortionsinto the captured speed signal. Tore
move these distortions, solutions exist t hat greatly improve the Automatic Speed Recognition (ASR)
performance (what was sid?), such as dereverberation [1] or beamforming. It would be natural to
apply those signal-level methods in the mntext of speaker clustering (who spoke when?), for example
when annotating a meeting recrding for enhanced browsing experience Unfortunately, on a corpus
of real meding recrdings [2], it appeared that neither dereverberation nor beamforming gave any
improvement on the speaker clustering task [3, Sedion 4.3]. The present t echnical report constitutes
a rst attempt t o explain this failure, through a crosscorrelation analysis between close-talking and
distant microphone signals. The various frequency bands of the speed spedrum appear to become
desynchronized when the speaker is 1 or 2 meters away from the microphone. Further diredions of
research are suggested to model this desynchronization.

Therest of this paper is organized as follows. Sedion 2 summarizes a previous geaker clustering
experiment [3], that used distant microphones only. Sedion 3 provides a crosscorrelation analysis
between a close-talking and a distant microphones. It appears that multiple frequency bands can be
desynchronized, which Secion 4 att emptsto explain. Sedion 5 concludes.

2 Summary of the Speaker Clustering Experiment

In an experiment described in detailsin [3], the task was unsupervised speaker clustering on meding
recordings, using distant microphones only.

The task of unsupervised speaker clustering [4, 5] means that we are trying to estimate not
only the predse speedV/ silence segmentation of time, but also the corred speaker identity for
each speed segment, as well asthe corred number of speakers. In the experiments [3], speaker
clustering is applied to each meding separately. No enrollment data is available, therefore
speaker identity isden ed as a numeric tag.

The meeting recordings were taken from the M4 Corpus [2]. 18 medings were used, where
each meding includes 4 speakers sated around a table, and lasts about 5 minutes. Sometimes
a speaker stands up and moves to the presentation screen or to the whitetoard (red, dashed
redanglein Fig. 1). A very predse ground-truth speed/ silence segmentation was provided by
a human annotators.

The signals used for the speaker clustering experiments in [3] were obtained from a &
microphone, 10-cm radius circular array placed on the table, in the middle (red, continuous
elipsein Fig. 1).

In theresults of the speaker clustering experiments[3], speed from a given speaker would corredly
be grouped into asingle speaker cluster, aslong asthe speaker was sated. Thiswasalso veri ed when
running speaker clustering on a concatenation of three medings, with the same speaker at di erent
seats. However, whenever a speaker would stand up and move further away from the array, (asvisible
for example on the rightmost red, dashed redangle in Fig. 1), his/ her speed would systematically
bewmme splitt ed into two clusters:

One duster when the speaker was close to the array (i.e. seated),

Another cluster when the speaker wasfar from the array (i.e. standing at t he presentation screen
or the wideboard).
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Figure 1. Snapshots of the 3 cameras, from one meding of the M4 Corpus [2]. Sometimes a speaker
(red, dashed redangle) stands up and goesto the presentation screen, thus moving further away from
the microphone arr ay.
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Figure 2: Point source model. "¢, 2 R® and " mic 2 R® are spatial locations. The two signals Xsp (t)
and Xmic (t) only di er by a pure delay: Xmic(t) [/ X t K mick where c is the sped

c 1

of sound in the air, k k is the Euclidean norm, and / means\is proportional to".

Wetested low-level signal processng methods that have proved useful to improve MFCC-based (ASR)
results in such cases, hoping that t hey would also improve the speaker clustering results. The tested
tediniques included delay-sum beamforming, dereverberation through long-term log-magnitude mean
removal [1] and noise removal through short-term spedral subtraction [6]. Unfortunately, all these
tedhniques resulted in absolutely no performance improvement, with resped to the above-described
issue. Therefore, it seemsthat feature variability between close and distant locationsisa bott lened to
speaker clustering with distant microphones, which suggests some basic research. Sedion 3 provides
an observation that characterizes the distance-dependent variability.

3 Observation: Cross-Correlation Analysis

This sdion reports crosscorrelation experiments, where we compare the signal captured by a lapel
microphone near the mouth of a speaker, with the signal captured by a distant microphone. Sec
tion 3.1 brie y reminds the point source model, then Sedion 3.2 presents observations on real sig-
nals. The cde and data used in the experiments presented in this sdion are fully available at:
http://glat.info/ma/2006-distant-speaker/

3.1 Point Source Model in a Free Field

If we model the speaker's mouth as a point sourcein a free eld environment (no reverberation), and
asaume the air to be an homogeneous medium (constant speead of sound), then the two signals only
di er by a pure delay “=—_mX as described in Fig. 2. With this model, the key point is that the
medium is non-dispersive, which means that t he Time Of Flight (T OF) is the same for all frequencies
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seq01-1p-0000, loc. #1, mic. #1 (2.123 m)
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Figure 3: Narrowband theoretical crosscorrelation, that is between ymic(t) and ys, (t) (highs
in red, lows in blue, the black line marks the peak). \Normalized" means that we have sub-
tracted argmaxgx,,.x., ( ), the TOF for which the fullband crosscorrelation is maximum.

of the signal. Thisis a well-known characteristic of acoustic wavesin air. The delay M isthe
theoretical TOF of the acoustic wave from the mouth to the microphone.
Let us now consider the fullband crosscorrelation:

def

gxm.c:xsp( ) = [Xmic (1) Xsp( 01() (1)

where isthe TOF, and designatesthe nvolution operator. With the model described in Fig. 2,
and similarly to [7, equation (9)]:

k® " mick
gxmic;xsp( ) / gxmic;xmic (t) t Spfmlc ( ) (2)
which will be maximum for the TOF = M (zero on the Y axisin Fig. 3).
Let us now look at narrowband signals:
Ymic () €' Xmicl (1) (3
def
Yo () S [ xsp](t) (4)

where h (t) istheimpulse response of a bandpass Iter. Using frequency-domain quantities (not shown
here), the narrowband crosscorrelation gy, ...y, can be expressed as:

Oymicyse () = Onih (1) Oxpieixep (1) () (5)

which, using (2), becomes:
G () 1 B G € 2T () (6)
A SO G) IR RLCS ™

which will be maximum (black linein Fig. 3) for the TOF = ¥s_mick (7er0 on the Y axisin Fig. 3).
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3.2 Observation on Real Signals

We used a recording with a single speaker at 16 di erent locations around the table: standing as
well as sated, close as well as far from the 16 table microphones. This is recording seq01 from the
AV 16.3 Corpus [8], which was made in the same room as the M4 Corpus used in Sedion 2, with
almost no change in the furniture. All signals were sampled at 16 kHz.

We used the lapel microphone as an estimate of the \ emitted” speed signal, and one of the
microphones on the table as a \distant microphone’. The exact same analysis as in Sedion 3.1 was
conducted: fullband and narrowband crosscorrelation, using the GCC-PHAT estimate [7]. Time
frames where 16 ms long, thus guarantedng the stationarity of the signals (we obtained very similar
results for 32 ms frames). For each of 80 narrowbands covering the interval from 50 Hz to 8 kHz,
the complex frequency domain crosscorrelation was averaged acrossall speed time frames ent by
a speaker at a given location (about 6 to 8 seconds total, for each speaker location), before applying
the PHAT normalization [7].

Two results are shown in Fig. 4. In the small distance @se (Fig. 4a), the result is in accordance
with the theory (Fig. 3). Thisis not t he case when the speaker is further away (Fig. 4b), where the
estimated TOF becomes frequency-dependent. We repeated this crosscorrelation analysis for
all 16 speaker locations and 16 table microphones, and obtained a very consistent t rend, asillustrated
by Fig. 5a. We also repeated all experiments on recording seq03 (di erent subjed)?, obtaining
extremely similar trends, as summarized by Fig. 5b.

Welooked at all individual crosscorrelation results (such asFigs. 4a and 4b), and observed that the
spectrum tends to be splitt ed into a few bands. Within each band, the estimated TOF (black
line in Fig. 4) does not vary much, and always in a continuous manner. However, at t he bound ary
between two bands, the estimated TOF has a sharp discontinuity or \ jump"”. Well call
this phenomenon \ multi-band asynchrony”. Figs. 5a and 5b indicate that multi-band asynchrony
increases when the speaker distance increases.

4 Interpretation

Sedion 3 showed that t he time-averaged narrowband crosscorrelation features \ multi-band asyn-
chrony", where the spedrum is litted in a few bands, with a stable value of estimated T OF, in each
band. One an distinguish two cases:

1. In a band, the estimated T OF is close to the theoretical TOF.
2. In a band, the estimated T OF is larger than the theoretical TOF.

In the rst case, the acoustic wave is likely to have followed the dired path. In the semnd case, the
acoustic waveis likely to have followed an indired path. Based on thisinterpretation, it would appear
that the dominant path followed by the acoustic wave depends on the frequency.

4.1 Possble Causes

Accepting this interpretation, two possble (non-exclusive) causes can be hypothesized.

First, a frequency-dependent acoustic path could seem analogaus to observations made on musical
instruments [9]. However, the study in [9] considered steady, stationary musical sounds, whereas the
observations reported in Seadion 3 were obtained by averaging over many time frames of an essentially
non-stationary signal. Intuitively, one can contrast t he instantaneous, changing mouth shape and the
long-term, stable multi-band asynchrony observed at each speaker location. Indedd, the characteristics
of human speed radiation strongly depends on the particular type of phoneme pronounced at a given
time [10]. It is not clear whether, and how, these instantaneous mouth characteristics impact on the
long-term statistics observed here.

1Recording seq02 could not be used because it does not include a lapel microphone.
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(b) Speaker far from the microphone

Figure 4. seq0l1 from the AV 16.3 Corpus. Crosscorrelation analysis between the lapel micro-
phone (red dot near the throat) and a distant microphone (red dot pointed by the arrow). The
legend is the same asin Fig. 3.
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Figure5: Two single-speaker recordings seq01 and seq03, from the AV 16.3 Corpus. Top row: for each
recording, screenshot of one of the 16 speaker locations. Bott om row: for each recording, summary
of the adosscorrelation analysis for all 16 speaker locations and all 16 table microphones. \RMS'
stands for Root Mean Square TOF acrossall narrowbands (RMS of the black line in Fig. 4). Each
dot correspond to one pair (speaker location, table microphone). The dashed line depicts the linear
regresson result, and \ cc' stands for correlation coe cient between X values and Y values.
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Figure 6: Posdble modi cation of the trajedory of a wave, depending on the speaker's distance to
the microphone. Room reverberations are not t aken into account in these gures.
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Alternatively, one can remember that in Sedion 3.1, we assumed a non-dispersive medium, based
on an underlying assumption of homogeneity of the medium. The latt er assumption implies constant
air temperature and constant humidity, over the room space However, the medium is certainly not
homogeneous, because the speaker is emitting ajet of hot, humid air (about 35°C and 95 % relative
humidity [11]), in the middle of drier, colder air. This fact reminds dudies conducted on larger
turbulent systems such as sismic infrasonic waves through the troposphere turbulences [12]. These
studies led to dispersive models of the global transmisson channel, where di erent frequencies arrive
at di erent times. The dispersive assumption would be linked to the presence of turbulence(s), which
does not contradict t he well known, non-dispersive characteristics of homegeneous air. As opposed
to the other posshle cause mentioned above, at each speaker location the exhaled jet of hot air can
be monsidered as deady, at least in seq01 and seq03, because speakers were not moving much while
speaking. It is thus reasonable to assume that, if the exhaled jet of hot air has an impact on the
acoustic transmisson channel, then thisimpact should bere eded by long-term statistics such asthe
average aosscorrelation used in Sedion 3.

Let usnow assumethat t he exhaled jet of hot air indeed modi esthe acoustic transmisson channel.
We a@n think this jet as a \lossy waveguide”, where lossy means that its boundaries let pass ®me
of the acoustic power. The sharp discontinuities in terms of TOF, observed in Sedion 3.2, may
then be linked to, and possbly explained by, on one hand, the particular dimensions and assciated
resonance modes of this lossy waveguide, and on the other hand, the large range of wavelengths that
compose speedr. The two cases mentioned at the beginning of the present sedion would then be
explained as follows. In both seq01 and seq03, the speaker is exhaling in a somewhat horizontal
direcion, above the table plane. For a distant location (lower elevation), the gradient of temperature
may lead to a curved trajedory of the dominant acoustic wave recaved by the distant microphone
(signal Xmic (1)), asillustrated in Fig. 6a. This may be lessthe case when the speaker is closer to
the array (higher elevation, as in Fig. 6b). Sedions 4.3 and 4.2 verify two consequences of this
hypothesis. Data and code for all experiments reported in Sesctions 4.2 and 4.3 are fully available at:
http://glat.info/ma/2006-distant-speaker/

4.2 Observation: Power Decay

If we assuime that a spherical wave is emitted at ", 2 R®, and travelsin a free €ld, then the \in-
verse square law" should be veri ed, where at a given spatial location ~nic 2 R3, the recéved power
(square of the amplitude) is proportional to K'sp  “mick 2. On the other hand, if we now assume a
\ waveguide" of hot air (Fig. 6), then the acoustic wave should be less dispersed that in the spher-
ical wave aase, therefore the transmitted power should deaease slower than in the inverse square
law K'sp  “mick 2 Fig. 7 con rms this expedation. The continuous line represents the Minimum
Mean Square Estimate (MM SE) of the exponent in dB domain, obtained by initializing with the
square law (initial exponent value =-2), and then applying afew steps of the (fast) Scaled Conjugate
Gradient [13]. In all cases, the MM SE exponent is gnaller than the theoretical value of two, so the
power indeed deaeases dower, as expeded?.

However, the con n ed volume of a (usually reverberant) room may also explain the slower decay
of the power with the speaker distance Indedl, if we make an independence assumption between the
signal captured from the dired path and the signal captured from an indired path (reverberation),
then the actual recaved power is the sum of the two powers (dired and indired).

Sedion 4.3 provides another veri cation of the hot air hypothesis, where reverberations have much
lessinterference

2Note that we have neglected the air absorption (exponential decay), because the distances are on the order of 1 or 2
meters only. However, as a sanity ched, we estimated the parameters for an (inverse square law + exponential decay)
model, but obtained non-realizable parameters (exponential increase instead of exponential decay).
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Figure 7: The receaved power deaeases dower than the inverse square law.

The oontinuous line is given by the MM SE estimate of the exponent.

4.3 Observation: Elevation Bias

Let uslook at the main path, negleding reverberations. Asuuming a \losyy waveguide" of hot air
may lead to the main path being curved. This would translate into an important elevation bias
of the estimated elevation angle, when the true devation angle is relatively low but signi cantly
above zego (Fig. 6a). On the mntrary, when the true devation angle is high, the receved path is a
straight line, and the devation bias should be dose to zero (Fig. 6b). Both points are cn rmed by
Fig. 8, on both recrdings seq01 and seq03, and with both circular arrays (4 experiments). For each
recrding and for each array, we ran the \ FAST" speaker detedion-localization algorithm, and the
\SNSGMM™" speed/ non-speed class er, to extract elevation estimate of the speaker mouth location.
Both \FAST" and \ SNSGMM " are described in [3].

5 Conclusion

To summarize the investigations conducted so far, it was hypothesized that t he hot air stream ex-
haled by a speaker has a signi cant impact on the global mouth-to-microphone transmisson channel.
Observations on two subjeds, and 256 pairs (speaker location, microphone location) for each subjed,
con rm that the hot air stream may indeed have such an impact.

5.1 Multi-Band Asynchrony and Speaker Clustering

Whichever true cause(s) it may have, a rm fact was observed in the above: \ multi-band asynchrony".
Observations on the long-term average of the complex frequency-domain crosscorrelation between a
lapel microphone and a distant microphone showed that di erent frequencies e edively trave at
di erent speals. The speet spedrum can thus be divided in a few bands, where each band has its
own Time Of Flight (TOF) from the mouth to the distant microphone. The variation of TOF at
the boundary between two such bands appeared to be highly discontinuous (a \jump"). Thisimplies
di culties when using alinear { therefore mntinuous { process sich as [1] to normalize the relative
delays between these bands. It is possble that t he speaker identity information carried by MFCCs
would be much more sensitiveto these discontinuities, ascompared to the semantic information carried
by the same MFCCs.
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5.2 Future Work

Based on the analyses presented in this paper, further work can focus on at least two diredions.

First, further experiments are needed to con rm (or in rm), and predse the potential cause(s)
of the distance-dependent variability in Time Of Flight, as well as predse its link with the distance
dependent variability in the speaker identity features. A posdble experimental protocol could use
a variable reverberation chamber, with the same human subjed, very still, saying twice the same
sentence at each location: once with the room being anedoic, the second time with the room being
reverberant. This could permit t o identify and possbly separate the contribution in the variabilities,
of the reverberations on one hand, and of the hot air stream on the other hand.

Seomond... Humans can remgnize discriminate speaker identities e ciently at varying distances
{ certainly up to 221 meters! On the other hand, frame-based MFCCs do not seem to have this
potential, unless a multi-speaker calibration procedure is used, for each location of a discrete grid
covering the room [14]. Humans can obviously adapt to various room con gurations without such
calibration procedure. For a machine, it isthus desirable to adequately cope with location-dependent
non-linearities auch as those characterized in terms of TOF. In particular, the observed division of
the spedrum in a few bands (for example 1 to 4), each band arriving with a di erent TOF, suggests
multi-band approaches that would be exible to local asynchrony between the bands. Work in this
area includes Asynchronous Hidden Markov Models for multi-modal speet recognition [15], that can
handle a local asynchrony between two streams. However, complexity isues arise when handling more
than two streams, so further research is needed.

Signal analysis methods that are invariant t o location- and frequency-dependent variations of the
TOF, may not only bene t to distant speaker clustering, but also to ASR.

Acknowledgments

The author acknowledgesthe support of the European Union through the AMI and HOARSE projeds.
This work was also carried out in the framework of the Swiss National Center of Competence in
Research (NCCR) on Interactive Multi-modal Information Management (IM)2. The author would
like to thank Prof. Rainer Martin and Dr Christof Faller for their comments and suggestions.

References

[1] D. Gelbart and N. Morgan, \ Evaluating long-term spedral subtraction for reverberant asr," in
Procealings the IEEE workshop an Automatic Speeth Reaognition and Understanding (ASRU),
2001

[2] 1. McCowan, D. Gatica-Perez, S. Bengio, G. Lathoud, M. Barnard, and D. Zhang, \ Automatic
analysis of multimodal group actions in medings,” |EEE Transactions on Pattern Analysis and
Machine Intelligence (PAMI), vol. 27, no. 3, pp. 305{317, March 2005

[3] G. Lathoud, \Further Applications of Sedor-Based Detedion and Short-Term Clustering,”
IDIAP-RR-06 26 2006

[4] S. Chen and P. Gopalakrishnan, \ Speaker, environment and channel change detedion and clus-
tering via the Bayesian information criterion,” IBM T.J. Watson Research Center, Tech. Rep.,
1998

[5] J. Ajmera and C. Wooters, \ A robust speaker clustering algorithm," in Proceelings of the |IEEE
Workshop an Automatic Speech Reaognition and Understanding (ASRU), 2003

[6] G.Lathoud, M. Magimai.-Doss B. Mesot, and H. Bourlard, \ Unsupervised Spedral Subtraction
for Noise-Robust ASR," in Procealings the |EEE workshop an Automatic Speed Reaognition and
Understanding (ASRU), December 2005



12 IDIAP{RR 06-74

[7] C. Knapp and G. Carter, \ The generalized correlation method for estimation of time delay,”
IEEE Transactions on Acoustic, Speeth and Signal Processng, vol. ASSP-24, no. 4, pp. 320{327,
August 1976

[8] G. Lathoud, J.-M. Odobez and D. Gatica-Perez \ AV 16.3. an Audio-Visual Corpus for Speaker
Localization and Tracking," in Procealings the workshop an Machine Learning for Multimoda
Interfaces (MLMI), 2005

[9] J. Meyer, \ Diredivity of the bowed stringed instruments and its e ed on orchestral sound in
concert halls,” Journal of the Acoustical Society of America (JASA), vol. 51, no. 6, pp. 1994{2009
1972

[10] I. Schwetz, G. Gruhler, and K. Obermayer, \ Correlation and stationarity of speed radiation,"”
IEEE Transactions on Speeth and Audio Processng, vol. 12, no. 5, September 2004

[11] N.J. Shaviv, \ Condensation of your exhaled breath,” http://www.sciencebits.com/exhalecondense/ ,
2006

[12] M. Tahira, M. Nomura, Y. Sawada, , and K. Kamo, \Infrasonic and acoustic-gravity waves
generated by the Mount Pinatubo eruption of june 15, 1991" in Fire and Mud: Eruptions
and Lahars of Mount Pinatubo, Philippines, C. Newhall and R. Punongbayan, Eds. Philippine
Institute of Volcanology and Seismology, Quezon City and University of Washington Press Seatt le
and London, 1996

[13] M. Moaller, \ A scaled conjugate gradient algorithm for fast supervised learning,” Neural Networks,
vol. 6, pp. 525{533 1993

[14] L. Wang, N. Kitaoka, and S. Nakagawa, \ Robust distant speaker recognition based on position
dependent cepstral mean normalization," in Procealings of Interspeed), 2005

[15] S. Bengio, \ Multimodal speet processng using asynchronous hidden markov models," Informa-
tion Fusion, vol. 5, no. 2, pp. 81{89, 2004



