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Abstract— A friendly interface for electronic devices has be- handled through feature-based compensation or modettbase
come more important in our lives, mainly, for elderly and adaptation techniques.
disabled people. In this sense, devices equipped with an automatic Currently, information about the user, such as its esticthate
speech recognition (ASR) system, that is, voice-commandedI - ! . h h ,b d ddi
devices, can properly address this issue, however, we still would Qcat'o_n usmg.mlcrop one arrays has been tr_eate as _a =
need to manually input information when noisy and reverber- tional information for ASR systems, however little attemnti
ant conditions were considered. When dealing with multiple has been given to the orientation of the user. In this work
voice-commanded devices in the same environment, additional we show that the user’s orientation can complement the

information about the speaker, such as his position, would be sap5 position when dealing with multiple voice-commathde
beneficial to improve the ASR performance by using, for instance, devices

beamforming techniques to enhance the signal of interest. In i . . . . .
this work, we study the orientation of a loudspeaker, modeling ~ The estimation of the head orientation (source orientgtion

a human speaker, detected by a pair of two microphones, as [10] of a user has gained interest with applications such as
additional information which would complement the position jntelligent robots [11], voice-commanded devices in a $mar
information in the previous situation. We show that binaural room [12], [13], and control of powered wheelchairs for

cues used as inputs for Gaussian mixture models (GMMs) can disabled le 114 th | t stimati
be used to discriminate an orientation among a defined set of diSabled people [14], among others. In most cases, estimati

orientations. of the source orientation is based on a model of the dirdgtivi
Index Terms—ASR, binaural cues, microphone array, source of the source and on the intensity of the signals measured
orientation estimation. at each microphone, although in [15] we verified that taking

also time delays of microphone pairs into account led to a
significant increase in the precision of the estimate.

In recent decades, advances in technology have graduallyspecifically in smart environments, how would the user
changed the way we live, improving our lifestyle but makingeal with multiple voice-commanded devices without making
us more dependent on it. The evolution of technology hascess mistakes? In [13], artificial neural networks (ANNSs)
increasingly required technical knowledge from the usém w were used to estimate the orientation of the user, assuming
often is not prepared to deal with it. For instance, the iaseel that the user turns to the device he wants to control, and
number of functions and buttons on remote controls malyen applied to discriminate different controlled devices
confuse, rather than help the user. Thus, an easy way tosacdkat approach a distributed microphone array was used 1o dea
a system is of fundamental importance. Access should Wéh the spatial diversity.
simple, easy, and intuitive, such as a plug-and-play systemThe use of a large array [13], [16] may provide robustness
avoiding complex procedures. against unaccounted contributions to signal intensitghsas

ASR system is an option to be considered for interfacesjcrophone directivity and reverberation. However, insgi
because speech is the most common form of interactiby the human auditory system, that can roughly estimate the
between humans. This mechanism of interaction would mag&gentation of an out-of-sight acoustic source, we cormside
access to the system simpler, dynamic, and efficient. Hoan array of only two microphones and investigate the use
ever, when either environmental conditions are unfaverabdf the binaural cues interaural time difference (ITD) and
or training conditions are different from the test condiso interaural level difference (ILD), for orientation estitita.
in the ASR system, the system tends to fail. In this cas€his is done by maximizing the likelihood of a Gaussian
we still would need to manually input information. To copenixture model (GMM) created for each discrete orientation.
with environmental conditions, beamforming [1], [2], n®is GMM was chosen because it is a well-known method used in
reduction [3], [4], speech enhancement [5], [6], [7], andesph speaker and speech recognition tasks, whose framework can
dereverberation [8], [9] can be used in order to improve the easily modified for the orientation estimation task.
quality of the signals used in the recognizer. The mismatchThe paper is organized as follows. Section Il discusses the
between training and test conditions in an ASR system can fp@blem encountered in an environment with multiple voice-

I. INTRODUCTION



commanded devices. Section Ill presents the modeling of the
user and the device interface by a loudspeaker and an array A

of two microphones. In Section IV the proposed GMM-based

orientation estimation method is presented. Section Vemitss .user B
the experimental setup. Finally, Sections VI and VII présen

the results and the final conclusions, respectively. c

Il. PROBLEM DESCRIPTION
A friendly interface to access electronic devices must be

reconfigurable, reliable, appealing and simple to use.dtikh A [EUAL

also be intuitive to use mainly for elderly, handicapped] an /. \\ B
disabled people. In this sense, ASR system embedded devices .

can properly address this problem by allowing the execution ~_

of predefined tasks through spoken commands. This “tell- c

execute” interaction describes an intuitive way to opeiate
device. Classical interfaces such as remote controls willl s
be available to manually input information when either gois A Turn on!!
and reverberant conditions are found or a system configurati / \ \
is required, providing different interaction options t@thser. B
However, even when environmental conditions are favorable
in an environment equipped with voice-commanded devices,
as shown in Figure 1 (top), the simple act of controlling C
a particular device such as a TV can become a difficult
task. When the user commands one device to turn on, other
devices may turn on too. This situation is showed in FigureFlg. 1. (Top): smart environment with three ASR system embedigeites
(middle). To avoid such a problem, a mechanism to correctiy B, and C; (Middle): failed attempt to turn on only the deviCe(Bottom):
. . h . . Stccess to turn on only the device C.
select the desired device is needed. Imagine a new sityation
illustrated in Figure 1(bottom), in which the user looks fz t
device he wants to control, and in this case, after a spoken
command, only one device is activated. Thus, exploring the Mic. 1
user orientation information, we would restrict user asdes o
just one device at a time.

Loudspeaker

d i
I1l. USER/'SPEAKER AND DEVICE MODELING o
In order to employ the user’s orientation as an additional Mic. r ®
information to select one device, a loudspeaker placed on a
rotating table and an array of microphones were used to model
the user and the device interface, respectively, as iltestrin L

Figure 2.

A Roland DS-7 loudspeaker was taken as the d”ecnorﬁé. 2. Loudspeaker and array (left and right microphonesgus model
acoustic source modeling the user's head. For the saketr@fuser and the device interfackis the distance between microphonésis
simplicity, we assume that the normalized directivity ok ththe distance between the loudspeaker and the arrayy &the loudspeaker

R orientation angle.
source is given by

2J
D(¢,k,J) = ]HCZS—(QS/Q), (1) ) . ) ) )
+1 greater practical interest and inspired by the human awdito

whereg is the azimuth with respect to the direction the sourc/stem, an array of only two omnidirectional microphones
is aiming, & and.J control the directivity § = 0 leads to an Was considered in this study. The playback and recording
omnidirectional pattern whereas > 0 leads to a directional Procedures for data acquisition are presented in detail in
pattern;k > 0 guarantee® (¢ = 180°, k, .J) > 0). This model Section V.
improves the basic cardioid-like emission pattern, like ¢me .
presented in [17], by including the energy irradiated baandy A. Binaural cues: ITD and ILD
controlled byk. In Figure 3, the measured directivity of the The difference in arrival time and the difference in in-
loudspeaker used in the experiments is compared to the maogelsity of a sound at two ears are defined as ITD and
with £ = 0.05 and J = 3. ILD, respectively. These two binaural cues are important fo

Regarding the device we aim to control, it was assumed tlratman perception of location and motion of acoustic sources
its interface has microphones for signal acquisition. Aignat Given the microphone signals and assuming that the array



Normalized radiation pattern
920

be explained by the point sound source (the user's mouth or

Measured

120 |- - Mol the frontend of the loudspeaker) and its center of rotatibe (
, user's neck or the center of the rotating table) not being at
- L S w© the same point in space. These variations are explored in the
' ‘ o4 GMM-based orientation estimation method.
10 \ } o IV. GMM-BASED ORIENTATION ESTIMATION
A. Gaussian Mixture Model

o o A GMM is the weighted sum of\/ component Gaussian
densities expressed by [20]

240 300

270

Fig. 3.  Model withk = 0.05 and J = 3 (dashed line) and measured M
(continuous line) values of loudspeaker directivity. P(x|\) = Z cibi(x), 4)
i=1

can roughly model the human auditory system, the ILD Wherex is a D-dimensional data vector\ = {c;, p;, 3;}
estimated by the ratio of the signal energies and the ITD @¢notes the GMM parametric model with mixture weights
estimated using the generalized cross-correlation withsph Mmean vectol;, and covariance matrix;; and

transform (GCC-PHAT) function [18], [19],

“+o00 *
R(Tlr) :/ Me—ﬂﬂfﬂpdﬁ 2)
—oo 1 Xu(F)XE(F)] are the component densities, for= 1,..., M. Each com-
wherex represents conjugation, at (f) and X,.(f) are the Ponent density is @-variate Gaussian function. The mixture
spectral representations of the binaural signals) andz,.(¢), Weight is constrained by
respectively. The estimate of ITD;,., corresponds to the time
difference that maximize®(r;,.), as

fir = max {R(ri,)} (3) D=1 (6)

Figure 4 illustrates the framework for binaural cues esti-
mation, which could be easily integrated in an ASR system The dimensionalityD of vector x vary depends on the
framework_s(t) denotes the clean Speech Samwgt) and number of features, for example, when mOdeling Only ITD it
h.(t) denote the measured binaural impulse response, stiBs dimensionality one, when modeling ITD and ITD together
script { and r denote the left and right microphones in thét has dimensionality two, and so on.
array, andz;(¢) andz,.(t) denote the signals measured at each

bi(x) = N(x; i, i) (5)

microphone. B. Estimation Method
s(t Pt ITD _In .Section I11-B, histograms shpw that the stat?stical_ dis-
h(t) = Segmentaion | tributions of ITD and ILD vary with the user’s orientation.
Windowing Thus, creating specific statistical models for a discreteofe
s(t #.(+)| Cues Estimation ILD orientations could be used to obtain an estimate of oriemtat
he(t) =+ " from measured values of ITD and ILD. The procedure is

similar to that used for speaker recognition, where each
speaker has a statistical model trained from samples oaksign
generated by the speaker himself. For a test signal, th&epea
with the model that yields the highest likelihood is accedpte
as the speaker who generated the test signal.

Let P(x|A(6)) be the GMM created for orientatich Given

Figure 5 presents the histograms of the ITD and ILDfor the data sek, the orientation that generated it is assumed as
= {0°,90°,270°}. The histograms reflect the variation of thg@nhe one which maximizes the likelihood

statistical distribution of the binaural cues with origita 6,

defined in Figure 2. The variation of the mean value of the

ILD with orientation can be explained by the directivity biet f — arg max{P(x|A(6))}. @
source, while the variation of the mean value of the ITD can 0

Fig. 4. Estimation of the binaural cues ITD and ILD.

B. Histograms
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Fig. 5. Histograms of ITD and ILD fof = 0° (the loudspeaker faces the arra9)°, and270°.
V. EXPERIMENTAL SETUP
The experiments were conducted in a soundproof room 3.0 =
m long, 2.7 m wide, and 3.0 m high. Its reverberation time o
Teo was around 130 ms. The measured background noise was §
lower than 30 dB (A-weighted). A Roland DS-7 loudspeaker
was placed on a turntable with 36®@f freedom and 1 m E
above the floor. The distance between the rotation axis of
the table and the front of the loudspeaker widg&scm. The g
array consisted of two omnidirectional Le Son microphones o o
separated byl = 13.6 cm, 1 m above the floor, and =1 m °
away from the loudspeaker. Figure 6 illustrates the passtia
the experimental setup. The A/D and D/A converters (Edirol o5m
FA-101) operating at 48 kHz sampling frequency was used for
playback and recording. Fig. 6. Positions of the loudspeaker (A) and array (B) in tbarsliproof

room.
For each of 8 loudspeaker orientations, a binaural impulse

response was measured, downsampled to 16 kHz, and then

convolved with a set of samples from the TIMIT database VI. RESULTS

(two samples for each of 5 male and 5 female speakers). o

Using a frame length of 256 samples, a frame shift of 128 Single frame estimation

samples, and Hamming windowing, frame ITDs were obtainedFigure 7 shows the variation in the COR by increasing the

from the generalized cross-correlation with phase transfonumber of Gaussian densities in the models. The behavior

(GCC-PHAT) function and an interpolation method, for gegat of the COR for ILD and ITD models was expected from

precision. Frame ILDs were taken as the ratio of the framge histograms presented in Figure 5. On the one hand, the

energies. All processing was executed using Matlab. GMMgmilarities between the distributions of ILD for differen

were estimated using the Expectation-Maximization (EMjrientations create a confusion in the adopted maximum

algorithm applied to the features extracted from the TIMITikelihood strategy, resulting in a poor performance of the

data samples with full covariance matrices. Another data $§stem. On the other hand, the dissimilar distributionsTa¥ |

was created using different samples from the same speakerseach orientation positively affect the decision making

from TIMIT and used as test set. Combining the measured features allows us to improve
Two measures were used to evaluate the performancetid system performance as can be seen in Figure 7 in the

the GMM-based system, the correct orientation ratio (COR),D+ILD, E+ITD, and E+ILD+ITD curves, where E repre-

which expresses the agreement between the estimated sewks the pairwise frame energies that are readily availabl

the true orientations, and the average orientation err@H) in the system framework. It is expected that E be greater

which denotes the angle mismatch between the estimated arebn the loudspeaker is facing the array than when it has

the true orientations. its back turned to the array. Thus, using E as a feature



could allow us to deal with the ambiguity that results fronthe experimental results, is that errors are distributefbrmly
the use of only two microphones (for instancé, dhd 180 between 2 incorrect orientations. In this casek ta L% +1]
have the same ITD and ILD). It should be noted, howevere haveR;, = 0; to [§ + 1] < k < |5 + 1] we have

that in the previous example they have the same theoretiggl = Zﬁ;N_2k+1 (Nn:k)O.E,N*k; and tok > L% +1] we

value but different distributions, which, when combineduld have R, = 1.
improve the system performance. This fact can be observed irchoosingV = 70 (which for a frame shift of 128 samples
ITD+ILD compared to ILD or ITD in Figure 7. and 16 kHz sampling frequency, corresponds to a 560 ms
delay) the values of COR that result from the values of COR
columns in Table | are in Table Il. As can be seen, there is a
great improvement over single frame estimation.

80

VIl. CONCLUSIONS

-4 ILD In this work, we studied the detection of the orientation
S =G -ITD of a loudspeaker, modeling a human speaker, using only two
& sol —*— ILD+ITD . | . .
S 46— E+ITD microphones. A large array could yield better results, but,
E+ILD+ITD inspired by the human auditory system, we restricted our

analysis to two microphones. We showed that GMMs created
with binaural cues and pairwise frame energies can be used to
discriminate orientation. Knowing the user orientatiom &
beneficial when we have several voice-commanded devices.
If we assume that the user turns to the equipment he wants
to control, we can detect the orientation of the user and
then select only the desired device. Finally, we extend the
frame detection case to the multiframe case. Using muitiéra
estimation, a performance evaluation showed that a COR clos

- . . L to 100% is feasible for all orientations except ficd0°.
Considering GMMs with 32 Gaussian densities in Table |, ’ P

the COR and AOE are presented according to the defined set
of orientations. Note that we excluded the ILD results in the
table due to its poor performance. As can be seen in CORThis work was partially supported by FAPESP under Grant
columns in Table I, due to the angle ambiguity there is a low@010/18180-7.
performance of the system in the interdas° < 6 < 225°

in all cases.

. N N N N
Pl I | | | | | |

0 1 2 3 4 5 6 7 8
Logarithm base 2 of the number of Gaussian densities

Fig. 7. Evaluation of the system in terms of COR (%) and the ritlya
base 2 of the number of Gaussian densifies2, 4, 8, 16, 32, 64, 128, 256 }.
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