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ABSTRACT

Knowing the orientation of a talker allows a a large-aperture
microphone array to select and control cameras better in a
teleconferencing situation, improve source-location estima-
tion, and, often, improve beamforming. In 2004, we intro-
duced a baseline algorithm for determining orientation az-
imuth. Recent testing showed the baseline algorithm behaved
poorly when the source was not in the center of the focal area
for the array. Here, we describe a second-generation algo-
rithm, A2, that has overcome many of the baseline’s short-
falls. It still extracts the estimate from microphone energies,
but is improved by 1)using a narrow-band, high-frequency
analysis, rather than the broad band of the baseline algorithm,
2) using spectral subtraction for uncorrelated noise removal
and 3) fitting the processed microphone energies to an ideal
model for the direct-wave energy. Most important is that 3)
incorporates inverse-square-law effects properly on the direct
wave only, which was not the case in the baseline. Results
from an advanced simulator are presented to illustrate the is-
sues. Then, A2 and baseline algorithm results are compared
using about 60 direct recordings from a human talker in a typ-
ical and noisy environment using our 448-microphone array.
These show that A2 is a significant improvement.

Index Terms— microphone array, talker orientation,
acoustic energy measurement, reverberation, position mea-
surement

1. INTRODUCTION
Large-aperture microphone arrays may be used to control au-
dio and video components of a teleconferencing or audio-
acquisition system. Determining the location and orienta-
tion of sources is an important part of the algorithms needed
for such systems[4, 10]. Most of the past work has esti-
mated the location/orientation of a talker by using either video
alone[7, 6] ormixed video-acoustic approaches[11]. These al-
gorithms require significant computational cost and are very
dependent on the facial features of the talker. Also, there are
cases in which a system has no video at all. In this paper we
are concerned with finding the azimuthal orientation of a sin-
gle talker in the focal area of a large-aperture microphone ar-
ray in a typical noisy environment. We assume that a reason-
able point-source estimate for the source location is known a
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Fig. 1. Source model impulse responses parameterized by
their angle off the normal to the mouth taken from the LEMS
Simulator

priori.
Using a linear-system assumption, we consider a discrete-

time model for a signal received at the jth microphone of a
J microphone system, mj(i), at time-index i of a sampling
interval of length T in a particular room.

mj(i) = hj
r(i) ∗ hj

s(i) ∗ s(i) + nj(i) (1)

Here, ∗ denotes convolution, s(i) is the talker’s speech signal
at the mouth, hj

r(i) denotes the impulse response of the room
from a fixed source to microphone j, hj

s(i) is the impulse
response of the source itself for microphone j and nj(i) is
the uncorrelated background noise. The information for ori-
entation in Equation 1 is all contained in the source model
impulse response, hj

s(i). For a spherically radiating point
source, hj

s(i) is simply a unit impulse at i = 0. However, for a
real human talker, while impulse-like, it has observable differ-
ences from an impulse. Using our simulator [1] that includes
a head-shadow model and all the attenuation versus frequency
data measured by Chu and Warnock [3] in an anechoic cham-
ber, we show these effects in Figure 1. The task for finding
the orientation is to isolate hj

s(i) as closely as possible and
then extract the orientation data from it. We shall concentrate
on the azimuthal angle, θ, only. Relative to a fixed coordinate
in the room, we can note the dependence on azimuth angle as
a function of the microphone index j as θj . Thus the source
impulse response may be denoted h

θj
s (i), and our task is to

find
θ∗j ≡ argmax

1≤j≤J
Φ(hθj

s (i)) (2)
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Fig. 2. Example of a Measured Source Azimuth Radiation
Pattern in an Anechoic Chamber at 0◦ Elevation at 1kHz(solid
line), 3.15kHz(dashed line), and 8kHz(dotted line) [3]

whereΦ is some appropriate functional on the source impulse
response.
One should note that the orientation of a talker affects the

source impulse response through three mechanisms; 1) the
energy radiation pattern as a function of frequency, 2) dif-
ferences in time of arrival when the wave is slightly delayed
by head shadow, and 3) effects of diffraction at the mouth.
The latter two are relatively small effects and quite difficult to
measure, especially in a noisy environment. However, for the
energy pattern, very detailed measurements of the azimuth
and elevation angle dependence as a function of frequency
were carefully measured in an anechoic chamber by Chu and
Warnock and presented in 2002[3]. Their measurements, and
others, have shown that – see Figure 2 –, the energy is at-
tenuated to the back of the talker[3, 5]. Thus, a talker is
not a spherically-radiating point-source and the energy pat-
tern might be sufficient to find azimuthal orientation.
In 2004, we reported a baseline algorithm[8] for determi-

nation of a talker’s azimuth angle when the source location
is known. In it, as well as in this second-generation algo-
rithm A2, we attempt to find the orientation from the source
energy radiation pattern only. The problem breaks down into
two separate parts. First, some processing needs to be done to
isolate, as much as possible, the source impulse response or
transfer function. In the second part, the approximated source
transfer function is used to determine the azimuthal orienta-
tion.

2. PROCESSING TO ISOLATE THE SOURCE
TRANSFER FUNCTION

Consider the model in Equation 1. The first step in obtain-
ing an isolated representation of h

θj
s (i) is to eliminate the

uncorrelated background noise. In the baseline system, this
was done by a fixed highpass filter. In A2 we use standard
spectral subtraction[2], assuming we can obtain a reasonable
background noise estimate from a quiet portion of a test utter-
ance. As spectral subtraction is done in the frequency domain,
we shall use the discrete frequency-domain representation for
samples indexed by r representing frequencies 2πr/T where

T is the sampling interval and rε[0, N − 1] for the N-point
DFT, and try to obtain an estimate of the source transfer func-
tion, Hs(r, θj). Of course, while spectral subtraction does
a better job, in general, than did the fixed filter in the base-
line system, the result is imperfect. Be that as it may, we
opt to continue with the derivation considering that there is
no longer any uncorrelated noise, i.e., nj(i) = 0. Break-
ing up the room transfer function into its direct-wave and
reflected-wave subcomponents,Hr(r) = Hdir(r)+Hrev(r),
the discrete-time Fourier transform of each microphone signal
becomes,

Mj(r) = Hs(r, θj) · (Hj
dir(r) + Hj

rev(r)) · S(w) (3)

As we know the point-source estimation for the source lo-
cation, we can compute the appropriate time shifts to make
certain that the direct signal received for a particular frame of
data is for the same interval of speech for each microphone.
Then we can determine the energy in a frame, l, for each mi-
crophone by taking the sum of the squares of the time samples
within the frame. This yields

Ej(r) = |Hs(r, θj)|2 · |Sl(r)|2 ·
{|Hj

dir(r)|2 + |Hj
rev(r)|2 (4)

+2|Hj
dir(r)||Hj

rev(r)| cos(γ(r, j))}

where γ(r, j) is the phase difference between the direct and
the reverberant room responses. We define the terms as fol-
lows:

Ej(r) ≡ Edir(r, θj) + Erev(r, θj) + Emix(r, θj) (5)

We now have Ej(r), energy estimates for each frequency
of each microphone for frame l. If the room were anechoic,
then Ej(r) = Edir

j (r, θj) only and as the direct wave room
impulse response is a constant B times a unit impulse at i =
0, (remember the data was time adjusted earlier for framing),
making its DFT a constant then,

Eanechoic
j (r) = B|Hs(r, θj)|2|Sl(r)|2. (6)

In this ideal case, we would have our estimate of the mag-
nitude of the transfer function of the source. We could use
Ej(r) to find a maximum at one(or more) excited frequen-
cies which should indicate the talker’s front, minimum, which
should indicate a talker’s back, or even do some fitting that
used all the information available.
However, we have the other two terms of Equation 5 in the

real case in which the room has reflections. All three terms
making upEj(r)multiply the source transfer function, and as
a result have some potentially useful information for our pur-
poses. What we needed to determine was a mechanism that
would extract as much information from these two terms as
possible that would distort our later search for the azimuthal
direction from Ej(r). In the baseline system, we found that
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(a) Erev(rΔf = 3150Hz, θj) - before(dots) and
after smoothing (solid line)
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(b) Edir(rΔf = 3150Hz, θj)(solid line),Emix(rΔf = 3150Hz, θj)
(dotted line) and Erev(rΔf = 3150Hz, θj)(dashed line)
all after smoothing.Note: The mix term can be negative
so the plot is on a relative power scale, instead of dB.
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(c) Ej(r)Δf = 3150Hz)(solid line) and
Edir(rΔf = 3150Hz, θj) (dotted line) after filtering

Fig. 3. An Example of the Three Energy Components,
Edir

j (r, θj) + Erev
j (r, θj) + Emix

j (r, θj). Behavior of the en-
ergy terms vs azimuth angle at 3150Hz

a severe lowpass-filter smoothi g with respect to the azimuth
angle yielded a useful energy pattern. We only suggested the
reasons why this was the case. Now, however, as we had the
improved simulator, we could at least test the idea on suitable
simulated data for a 200Hz wide band of frequencies about
3150Hz in which we assume the speech level to be constant
over the frame. The results are shown in Figure 3. In Fig-
ure 3a) Erev(rΔf = 3150Hz, θj) is shown both before and
after the filtering. There clearly is a large amount of ”high-
frequency” noise on this energy signal which is likely due to
the standing-wave patterns of the largest reflections for this
high-frequency narrow-band data. The filtered reverberant
term has a broad peak around the right azimuth angle, and
shows variation which is small when compared to the other
terms. In Figure 3b), the three terms are shown on a normal-
ized energy scale, not dB, because the mixed term can have
negative values. One can see that the direct term dominates
at the correct orientation value and that the mixed term is rel-

atively small – the components tend to cancel out. The re-
verberant term adds at the correct orientation, but introduces
significant noise in the directions off of the peak. In Figure
3c)we compare the smoothed energy estimate to the actual
direct term. One can notice the distortion of the signal due
to the reverberant and mixed terms being added to the direct,
but the correct orientation is clearly discernable. In A2, the
filtering to, as much as possible, isolate the direct energy term
was more or less the same as in the baseline system.

3. EXTRACTING THE ORIENTATION ESTIMATE
FROM Ej(r)

A major error source in the baseline system was that, after
smoothing, we corrected the energy estimates for inverse-
square-law attenuations. As one can see from Equation 5,
this procedure is incorrect for the mix and the reverberant
terms. As a result, the baseline system often failed for this
reason when the source was not in the center of the focal area
of the room.
In A2, we construct an ideal model for the direct energy

term by using the data from Warnock and Chu [3]. That is,
for each potential azimuthal direction indexed by θn using
the known source point – either to each of the 448 micro-
phones in our system or, after some interpolation, to evenly-
spaced angles (about 1o) – develop an idealized energy es-
timate Eideal

θn
(r, j). We obtain the power from the Chu and

Warnock data for the given direction, divide by the distance,
and normalize so that it’s maximum value is the same as the
value of the direct energy estimate at that maximum value an-
gle. Then we have Eideal

θn
(r, j) and, for the noninterpolated

situation, obtain the azimuthal estimate for some frequency (
or freqency band) r from,

θ∗n ≡ argmin
1≤n≤N

J∑

j=1

(w(θn, r, j)(Eideal
θn

(r, j) − Ej(r))2 (7)

The interpolated case is similar. The weighting, w(θn, r, , j)
needs to be nonuniform to compensate for the effects due to
reverberation that were illustrated in Figure 3c. We tested a
few and ended up using

w(θn, r, j) = Eideal
θn

(r, j)
2
. (8)

4. EXPERIMENTS
The algorithm was evaluated by using a set of 4-second
recordings of speech from a real, human talker at 25 po-
sitions in the room’s focal area and three orientations for
each position. Some of the combinations of position and
orientation were pathological, e.g., talking right into a wall,
so the number of datasets was reduced from 75 to 59 real-
istic combinations. Our 448-microphone, 20kHz sampling
rate, Huge Microphone Array (HMA) [9], augmented with a
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close-talking microphone channel, was used to record each
70MB dataset. (These are available for comparable research
at www.lems.brown.edu/array/datasets). One should note
that this test is far more complete and difficult than the one
used in [8]. Note also, that the beginning of each record-
ing was a half-second of silence that could be used for the
spectral-subtraction algorithm.
The work in [3] tabulates the magnitude of the source

transfer function at 1/3-octave frequencies, ranging from
160hz to 8000Hz. In A2 we evaluate in 200Hz wide, nar-
row bands. As high-frequency components are the most
directional, we used 3150Hz, 5000Hz, and 8000Hz as center
frequencies. Thus we wanted to make decisions only for
those frames having some energy at those frequencies. Here,
we avoided developing a discriminator, a necessary compo-
nent of a real-time algorithm, and just selected the top 20 of
140 51.2ms overlapping frames for each frequency or the 20
frames having the highest broadband high-frequency energy
for the baseline. The data are shown in Figure 4. One should
note that the data around 8kHz is all from the fricated sounds
s,z, and one fricated vowel. The data for 5kHz is about the
same, except for the burst in a d. The data for 3.15kHz is
mainly vocalic high formants. Cumulative results for the 59
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Fig. 4. Spectrogram of close talking microphone data along
with the chosen frames (white dots=improved algorithm fre-
quencies, white x’s=baseline algorithm band). The speech ut-
tered is ”When sunlight strikes raindrops in the air, they act
like a prism and fo...”

datasets are shown in Figure 5. Given that subsequent algo-
rithms require a somewhat loose estimate of the azimuthal
angle, we considered correctness to be within ±30◦. From
Figure 5, we see that the 8kHz data are correct about 80%
of the time and the 5kHz and 3.15kHz data are correct about
60% of the time. These results are significant improvements
over the baseline algorithm. It was somewhat surprising that
the best result was at the highest frequency where the amount
of energy is smaller, but it seems that the effects of reflec-
tions and background noise are comparatively reduced at this
frequency and the directivity of a human talker is narrower at
8kHz.

5. CONCLUSION AND FUTURE WORK
We have presented and compared an improved algorithm (rel-
ative to [8])for determining azimuthal talker orientation. The
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improved algorithm makes extensive use of the source char-
acterization data described in [3] and features a narrow-band
analysis. Given a 30◦ tolerance, we are able to determine cor-
rect azimuthal orientation about 80% of the time at our best
frequency, about 35% better than in the baselinemethod over
a pretty complete set of talker locations and orientations in a
very noisy and reflective room. There is still plenty of work
to do! We are currently working on creating a robust version
of the algorithm using some local beamforming ideas.
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