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Abstract—Localization of acoustic sources using miniature mi-
crophone arrays poses a signi cant challenge due to fundanmeal
limitations imposed by the physics of sound propagation. Wh
sub-wavelength distances between the microphones, resiolg
acute localization cues become dif cult due to precision aifacts.
In this paper we propose a framework which overcomes this
limitation by integrating signal-measurement (analog-tedigital
conversion) with statistical learning (bearing estimatia). At
the core of the proposed approach is a min-max stochastic
optimization of a regularized cost function that embeds maifold
learning within modulation. As a result, the algorithm
directly produces a quantized sequence of the bearing estates
whose precision can be improved asymptotically similar to
a conventional modulators. In this paper we present a
hardware implementation of a miniture acoustic source loclzer
which comprises of: (@) a common-mode canceling microphone
array and (b) a integrated circuit which produces bearing
parameters. The parameters are then combined in an estimain
procedure that can achieve a linear range from0°  90°.
Measured results from a prototype fabricated in a0:5 CMOS can be inferred by measuring the correlation between the
Pr?_cesf (tilfmgnst_rate fthat the ptr_oloosed 'Oc_ftilfzer Ca? t'retllia@ microphone signals. Source localization with correlatgdals
tehsaernZaOeWhﬁe s:r?snl?m?ngrlleigotﬁrléss\c;\lljrcgfv;\;lowgr.resou 10fSS " have been reported by several groups [8], [9] based on the

coherent as well as the non-coherent methods. The non-
dimensional array processing, Oversampling converters coherent me.thOds such as CI.OsetSt point of approach (CPA) [9]
modulation, Analog to information converter, On-chip Iearn’ing, are not sensitive to synchronization but suffers from thresee
Microphone Arrays mismatch and the sensor response due to a distance between
the source and the sensor. In contrast to non-coherent dgtho
the coherent methods poses stringent constraints on synchr
nization as they are based on the arrival time differences of

One of several emerging areas where micro/nano-scttie acoustic signal to the sensors. The coherent methods mak
integration promises signi cant breakthroughs is in thdd e use of signal correlation in estimating the bearing of thensb
of acoustic sensing. It is envisioned that next generatisource with respect to the miniaturized microphone array.
of intelligent hearing devices will integrate hundreds ofExamples of coherent techniques include algorithms based
micro/nano-scale microphones [1], separate speech frase n@n the cross correlation (CA) [10] - [13], cross correlation
by localizing different acoustic sources. It is also erisid derivative (CDA) [14], [15], [16], stereausis networks [17
that surveillance robots and sensor networks will utilire t [18] and matched Itering techniques [19]. Unfortunately,
microphone array to remotely localize, track and identiffnost of these algorithms are feed-forward in nature which de
speakers of interest [2], [3], [4]. However, localizatioi ocouple the signal measurement (analog-to-digital coiwe)s
acoustic sources using miniature microphone arrays posewith the learning (bearing estimation) process. As a result
signi cant challenge due to fundamental limitations impds the variance of estimation is either limited by analog VLSI
by the physics of sound propagation [1], [5]. The smaller th@tifacts (mismatch or noise) or by quantization effectshef
distance between the recording elements, the more dificigt analog-to-digital converter.
to measure localization cues [6], [7] which include: (aemt  One of the ways to improve the resolution of bearing
aural temporal difference (ITD) between the time-of-ativ estimation and alleviating effects of analog artifacts as t
of the acoustic wavefront at two recording elements (micriategrate learning algorithms directly with the signatser
phones); and (b) inter-aural level difference (ILD) betweemeasurement (analog-to-digital conversion) processadh &
sound amplitude at different recording elements. For imsta similar principle is observed in nature, where the remaleab
resolving ITD cues at 8 bits resolution using microphondscalization ability of the parasitoid y Ormia Ochraceac(a-
placed at a distance of 1mm would require detecting 10recy better than 2 degrees) [1], [20], [21] is attributed ¢oi€
delays. However, since the position of the acoustic sourpling between its miniature differential eardrums (sefmta
varies slowly ( typically less than 1Hz) the localizationesu by less than 0.5 mm) and its neuronal circuitry (which acts

Fig. 1. Far eld acoustic model on a two-dimensional four-micropiecarray

Index Terms—Source localization, Bearing Estimation, High

I. INTRODUCTION



recording elements. If the inter-element distance is mesk |

ey D] Aln] than the wavelength of the sensor signal of interest, theatsg
Adaptation recorded at each of the sensor elements can be approximated
using a far-eld wave propagation model [25] where the
Aln] acoustic wavefront can be assumed to planar (see Fig. 1). For
x[n] Y[nJ=AINKN] SA acoustic signals with a frequency rangel®fHz 20kHz,

this distance is typically less than 10 3:4cm, where is

the wavelength of the audio signal. Also, the distance to the
source from the centdsd of the array is assumed to be larger
than the inter-element distance. Therefore, the acousgfiak
wavefront is considered planar as it reaches the microphone
array as shown in Fig. 1. The sign&lp; ;t) recorded at the

j™ microphone (located at the position vectpy, = (X;y; z)

— Projection Array

Fig. 2. Architecture of the learner

as an equivalent ADC). This biological prototype has irsgpir * .
neuromorphic architectures which includes the “gradient* with respect to the center G of the array) can expressed as

localization [22] technique that relies on a least mean sgu fu_?cUon <th the bgi[}'ng which is ttheTingle betblNe?'nt the
(LMS) learning technique method that processes acousdi®>' !?tn vectop; and the source vectar. The signak(p; ; t)
gradients recorded by a differential microphone array. fg Written as

this paper, we present a source localization technique that x(p; ;t) = a(p;)s(t () 1)

integrates bearing estimation (learning) within a mod- .
ulation procedure. Traditionally, modulators have beenWherea(pj) and (p;) denotes the attenuation and delay for

the architecture of choice for any audio based processiiitf Sources(t) respectively, measured relative to the center of
because of its robustness to analog imperfections allowiHff Microphone array. Equation (1) is expanded using Taylor

it to achieve very high resolution [23]. modulators also S€r€s as
share signi cant similarities with neuronal circuits inrhes % ( (pj )k (K
of their robustness and noise-shaping capabilities afigwi x(pjit) = apy) ST @)
them to resolve acute changes in signal levels [24]. We have k=0
formulated  modulation within the framework of statisticalUnder far- eld conditions,a(p;) is approximately constant
learning such that the algorithm tracks the bearing maghifohnd without loss of generalitg(p;j) 1. Also, for far- eld
which captures the direction of arrival of acoustic wavafro conditions the time delays(pj) can be assumed to be a
A prototype source localizer has been fabricated itinear projection between the vectpy and the unit vector
a standard CMOS process and has been interfaced withu ariented towards the direction of arrival of the acoustic
differential microphone array. The architecture of theuttisg wavefront. Mathematically this is modeled as

localizer is shown in Fig. 2 which consists of an analog
projection (manifold learning) operator whose parametees (pj)= Zu':p (3)

adapted based on the output of a modulator array. The

adapted manifold parameters are then combined togethety‘@?)erec is the speed_ of sound wave propa_lgatmn. Ignoring the
estimate the bearing of the far-eld acoustic source. WEYNer-order terms in the series expansion ( under far- eld
will show that this estimation procedure is robust to analdgsSUMPtions), Eqn. (2) is expressed as

artifacts_ and improves t_he dyn_amiq range compared to a simpl x(pj;t)  s(t)  (pj)s(t) (4)
correlation based bearing estimation.

In section 1l, we describe a far- eld acoustic localizatiodMplying that under far- eld conditions, the signals reded
model that formulates bearing estimation as an equivailent |at the microphone array is linear with respect to the bearing
ear regression problem. Section Il describes the learning Parameter (p; ).
algorithm which is used for source localization. Section IV In the proposed implementation the microphone array used
describes the circuit level implementation of a differahti for bearing estimation consists of four recording elements
microphone array and an integrated circuit implementatibn 1; i 4. Thus, the recorded signals can be explicity written as

a localizer. In section V we present measured results ob- d
tained using the differential microphone array and a faiteid Xpr(t) = s(t p1) = s(t) S—(t)E cos
prototype of the  learner. Section VI concludes the paper _ _ _
with some nal remarks and future directions. Xp2(t) = s(t p2) = s(t)  S(t)sin
d
Xp3(t) = s(t+ = s(t) + s(t)— cos
Il. FAR FIELD SOURCELOCALIZATION pa(t) (t+ pa) = O+ )c
Far- eld acoustics has been extensively studied within the Xpa(t) = s(t+ pa)= s(t)+ §(t)g sin (5)

context of array processing plenacoustic models [25],.[R2] _ .
this section we describe a simplistic model which is appliea It can be easily veri ed that
for source localization using miniature microphone array. Xp1(t) + Xp2(t) + Xpa(t) + Xpa(t) _

Consider a sensor array shown in Fig. 1 that consists of four Xem (t) = 7 s(t)  (6)




is the common-mode signal which is independent of the 0
bearing angle . Therefore, a more desirable output from the d
microphone array are differential signals which are deafid

the common-mode factort) resulting in w
d w
xi(t) = s(t)_cos (a) (b)
d .
Xa(t) = S‘(t)E sin Fig. 3. (a) One dimensional 1 norm and (b) its derivative
xs(t) = +5()3 cos
* = 0
Xa(t) = +_S(t)gSin : @) Limit Cycles W ‘
Equation (7) shows that for an ideal differential micropaon V/
array (perfect matching of the microphones), the outputadig InitialI'Points
are shifted in phase 9°,180° and27(. In the next section \
we will show how these differential signals can be processed

by a learner to estimate the bearing of the acoustic source.
Fig. 4. Limit cycle behavior using bounded gradients

I1. LEARNING AND SOURCELOCALIZATION

learning is based on an optimization framework that The link between optimization (8) and  modulation
integrates  modulation with statistical learning. A specialis through a stochastic gradient minimization [31] of the
case of the proposed framework was introduced in [26] whegest function 9. Assuming that the input random vector
it was used for neural signal compression. Given a randdnstationary and under the assumption that the probability
input vectorx 2 RP and an internal state vectar2 RM, a density function of is well behaved (gradient of expectation
learner estimates the parameters of a linear transformatigperator is equal to the expectation of the gradient opgrato
matrixA 2 RP R M according to the following optimization the stochastic gradient step with respectoyields

criterion:
: , _ @iw; A)
max(min f (w; A)) (8) win] = wln 1] & oo

where win] = whnh 1]+ A[n 1x[n 1] d[n] (11)
f(w;A) = jjwjjp  w'EfAxg: )

(10)

wheren signi es the time steps and[n] = sgnw[n 1])
Exf:g denotes an expectation operator with respect to tfgnotes the quantized representation. Solving the déstinee
random vectorx and C denotes a constraint space of th&ecursion 11 leads to

transformation matriXA. The termjjwijj, bears similarity to the N 1% 1 1
regularization which is extensively used in machine lesgni — din]= — Anx[n]+ = (w[n] w[0]) (12)
algorithms [27], [28]. However,the; norm in Egn. (9) forms N o N n=0 N

an important link in connecting the cost function to singie b
guantizers. This is illustrated in Fig. 3 which shows an exal
ple of a one-dimensional regularization functiwijj;. The
piece-wise behavior ofwijj; leads to discontinuous gradient 1

sgr(w) (shown in Fig. 3(b)) where sgn denotes a signum Enfdinlg ! —EnfAInixInlg (13)
operation equivalent to a single bit quantization. Evenugio \yhere E,f:g denotes an empirical expectation with respect
the framework can be extended to multi-bit quantization, i ime indexn. Thus, the recursion 11 produces a quantized
this paper we will only discuss a single bit operator. Thgeqence whose mean asymptotically encodes the transforme
minimization step in Eqn. (8) ensures that the state Vectl, ¢ at in nite resolution. This is illustrated in Figurewhich

w is correlated with the transformed input sigr@t (signal - ghows a two-dimensional optimization contour. The objecti
tracking step) and the maximization step in Eqn. (8) adapi§the  |earning is to follow the trajectory from an initial
the parameters oA such that it minimizes the correlationcyngition to the minima and induce limit-cycles about the
(de-correlation step). The formulation bears similasitigith  inimaw . The dynamics of the limit-cycles then encodes

game-theoretic approaches [29], [30] where signal tragkifhe shape of the optimization contour and hence also encodes
and de-correlation have been formulated as conicting obre estimation parameters.

jectives. The uniqueness of the proposed approach, cotparérpe maximization step (de-correlation) in Eqn. (8) yields
to other optimization techniques to solve Eqn. (8) is the ”?ﬁ)dates for matriv according to:
of bounded gradients to generate limit-cycles about a
minima. It can be veri ed that ifjAjj1 1thenw =0 A[n] = Aln @{w; A)
@ ..

The bounded property of[n] leads to the following asymp-
Totic property:

11+ (14)

is the location of the minima witfi(w ;A)=0.



which leads to sign; cos > 0. Inserting equations (7) into equations (20)
A= Aln 1] whn 1xn 1 :AM]2C  (15) and (21) the following expressions are obtained:

X
2 7 dufnlsgn@sn])

_ n=1
=27 A8 4l = sinlsin +aulnisinjcos  (wiln] wiln 1)

The parameter can be expressed in a binary form as ai[N]

therefore, the adaptation step in Eqn. (15) can be expres
by its digital equivalent as

Aln]= Aln 1] 2 Pdn]sgrixin 1])";A[n]2C (17) a1[N]

d
%:eombining equations (22) leads to

|
N
o

jsInli(sin + as1[n]cos ) (22)
where we have used the relationship ttjat] = sgniw[n 1]). )("n =1

P is a parameter that controls the update rate and does P )
not affect the stability of learning. As will be discussed in 2 . (waln] - wan 1)) sgn(sInd):(23)
the later sections, the constraint spacewill be restricted n=1 .
to transforms represented by lower triangular matriced witet a,, denote the converged value such thatn] nft ajq.
diagonal elements set to unity which can be expressegl & Equation (23) then leads to

0;8i<j ;aj = 1. Thus, to satisfy this constraift 2 C, only

the lower diagonal elements are updated in Egn. (17). It can

+

js[n]j (sin + a;; cos 24
be seen from the Eqn. (17) thaijjAjiz B > 0is satis ed, N e 11005 ) 24)
then the recursion (17) will asymptotically lead to
1 N,!1
E.fd[n]sgn(x(n))"g! O (18) N (Wi[n]  wi[n 1])sgn([n]) 1T O
n=1

for A1 2 C. The equation (18) show that the proposegihe second part of the equation (24) converges to zero which
learning algorithm produces quantized sequences that fffplies that

mutually uncorrelated to a non-linear function of the input

signals. . 1 X

¢ NI||£n N jsInlj(sin + a;;cos )=0: (25)
) n=1

A Learning for I_3ear|ng Est|_mat|on_ _ The solution to equation (25) is given by, = tan which
To apply  learning for bearing estimation, three of thgeads the following estimate of the bearing

four differential signals in equation (7) are chosen as ispu A

and the transformation matri& is chosen to be of the form =arctan( ay) (26)

A = a; 1 0 (19) In a similar fashionay; anday, can also be used to estimate
an ax 1 the bearing of the source according to
When applied to the three differential signals of the micro- N an
phone array modeled by equations (7), the recursions in = arctan ™ (27)

equation (11) leads to S ] )
Both the estimation procedures given by equations (26) and

wi[n]=wi[n 1] +  xz[n]+ au[n] xi[n] di[n]  (27)uses learning to estimate the correlation between dif-

wo[n]= wo[n 1] +  x3[n]+ ax:[n] xi[n] ferential microphone signals. However, the correlatioseoa

+ am xa[n] dn] (20) approach do_es_notyleld robu_st results when the common-mode

cancellation is imperfect which leads to the second case.

with di[n] = sgn(wi[n]) and dz[n] = sgn(wz[n]). The Case II: Imperfect common-mode cancelation practice,
adaptation steps for the parameters;azi;ax, based on microphone artifacts and mismatch in analog circuits Bmit
equation (17) can be expressed as the precision of common-mode cancellation. For this case th
common-mode signal;(t) are assumed to be equal for all the

- P
anln] = auln 11 2 Pdl[n]sgn( xa[n]) microphones in the array and is given by
au[n] = axn[n 1] 2 "dy[n]sgn( xi[n]) d
an[n] = axp[n 1] 2 Pdy[nlsgn( xz[n]): (21) Xi(t) = sc(t) S—(t)E cos
To demonstrate how the equations (20) and (21) can be %o(t) = se(t) S_(t)gsin
used for bearing estimation, we will consider two different c
cases based on the quality of common-mode cancellation. x3(t) =  so(t)+ S(t)g cos
Case I: Perfect common-mode cancellatiofn this case - cC
it will be assumed that the differential microphones can xa(t) = se(t)+ s(t)gsin : (28)
—c

completely suppress the common-mode signal(t) in equa-
tion (7). Also we will assume that the bearing of the sourckhis is a valid assumption since sensor mismatch only cleange
is located in the positive quadra@t® > > 0 such that the location of the point of reference according to which the



Vi where s;(t) is the gate voltage proportional to the acoustic

= signal impinging on thé™ microphone. The common-mode
signalVem () in equation (31) is obtained by summing up the
microphone FET currents as

R, Ro Ry Re

v, v, v, A
T\ TE TS T4

4
X Vdd Vref

i [si(t Vem (1)] = 32
\_‘_1 LJJ LJJ LJJ N Omi [Si (1) em (1)] Rs (32)
MIC, MIC, MIC, MIC, i=1
which leads to
Fig. 6. The schematic of the pre-processing circuit used to sepaitad _osp(t) + sp(t) + sa(t) + sa(t) . Vad  Veer .
common mode and differential mode signal of each microphone Vem (1) = 4 + : (33)

omRs

The operation ampli er in a feedback con guration maintsin
a virtual groundV,es by adjusting the common-mode signal
Vem (1). The outputs Xx31; Xo; X3 of the circuit, thus, tracks

only the differential signals as required by equations (7 a
hence can achieve good common-mode cancellation.

Figure 5 shows a prototype of the acoustic array con-
structed using off-the-shelf electret microphones atidla
from Knowles The circuit shown Fig. 6 is built using discrete
components and the differential output is presented astinpu
to a learner integrated circuit. Figure 7 show a sample
differential output produced by the microphone array when a
1KHz tone is played from a standard computer speaker (the
experimental set up is shown in Fig. 5(b)). The scope trace in
Fig. 7 clearly shows that the differential signak(t) is 90°
out-of-phase with x;(t) and the differential signal x3(t)
is 18@° out-of-phase with respect toxy(t).

sy THE SOy 15 CH
CH3 S0.0mY «10Hz

Fig. 7. Scope plot of measured signals obtained from 3 of the 4 nticiogs
when a tone of 1KHz is played.

B. Circuit Implementation of  Learner

system and circuit level implementation of the

lizer which implements the updates of Egn. (17) and

Eqgn. (11) is shown in Fig. 8. The multiplication and addition

operations in the updates 17 and 11 are implemented in

aan 23 anadxp 1 (29) analog domain using a transconductor array. This is shown in
a1 apaxp+l Fig. 8 where the output of the transconductors are connected

In the next section, we will present the hardware implemeﬁzgtather to a virtual ground which is determined by the
tation of the differential microphone array and an integdat integrator of a rst-order modulator. The transconductor

measurements are made. Then using similar assumptions A

. i . . C
approach as irCase | it can be veri ed that the estimate of
the bearing is given by:

A
= arctan

circuit implementation for the updates (20) and (21). (schematic shown in the inset of Fig. 8) is source degergrate
using transistor based bump circuit which increases thetinp
IV. HARDWARE | MPLEMENTATION linear range. Compared to resistive degeneration, theogeap

degeneration consumes a signi cantly lower area in silicon
The parameteg; in equation 11 is determined by the bias
The analog frontend circuit presented here is based orc@rent of the transconductor which is digitally contrdlle
commonly available electret microphone where the diaphragising a counter and a current-mode digital-to-analog atere
is coupled to the gate of a eld-effect transistor (FET). S (DAC). Additions in Eqn. 20 is implemented using Kirchoff's
shown in circuit (Fig. 6) which is used to cancel the commorurrent summation principle by connecting the outputs bf al
mode and to sense and amplify the differential signals. Thiee transconductors to virtual grougd
current through the microphone FHT, is approximated by  Updates of the parametey according to Eqn. (15) are
a linear form implemented using a digitally programmable current DAC
Im = Om[Vg V4] (30) (see Fig. 8 inset). An 11-bit up-down counter stores a digita

wheregy, is the transconductance of the microphone FET arqtapresentanon ad; which is processed by a digital-to-analog
Vy is the gate-voltage of the FET aM{ is the source voltage converter that produce_s the bias CL%”er.“ of the transc_cquu_c
of the FET. Given an array of electret microphones (index&l,?‘c%':'Cause Fhe upd_ate_s in Eqn. (17) 1S binary, the multlpbmtl
by i = 1:2:3:4) used in a circuit shown in Figure 6 theoperator in (17) is implemented using an XNOR logic (see
differentia,I v,olitagev is given by Fig. 8 inset) whose output controls the UP/DOWN ag of
: the counter. The counter also incorporates a shift funatityn
Vi(t) = Viet  Om[Si(t) Vem ()]R; (31) where the contents of the counter can be initialized and

A. Differential microphone array



Fig. 5. (a) A 4-microphone array/grid consists electret condensi&rophone separated by the distance of 1 cm. (b) The tag Skows the tonal source
located at a distance of 1 m from the microphone array.

Fig. 8. The circuit diagram of learner.

accessed using a serial-chain interface. Note that for tfike transconductor consists of a p-MOS input stage which
diagonal transconductors the parametgrsare non-adaptive drives a cascoded output stage. The transconductor uses a
and hence does not use the counter and the current-DAC.bump circuit [33] (TransistordB1 MB 4) to achieve
I . . source degeneration and hence increase the input voltage
The 10 least signi cant bits of the Up-Down counter drive, 4o (reduce the transconductance). The bump circuit op-
a 10-bit current DAC which is implemented using a stan req by steering the output current in a manner that the
dard MOS resistive network [32]. The output curr@aur  yangjstor pair implements an equivalent resistor. Theation

modulates the bias current of the transconductor shown JB the output current is digitally controlled by thil SB

. . . h .
Fig. 8 whereas the most S|g.n|ca.1nt1f ) bit of the Up- SIGN ) of the Up-Down counter. Fig. 8 shows the current
Down counter controls the direction of the output curren st order modulator [34] is reused. A standard folded
which is useful for implementing a four-quadrant multiplie '
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. . ) Fig. 10. Measured response demonstrating that the paramater tracks
Fig. 9. Microphotograph of learner showing the 2 channels of the o bearing angle of the sound source.

system performing the source localization.

TABLE | 8
Measured speci cation of  learner
7 L. 4
Parameters Values *g_
Technology 0.5 m 2P3M CMOS =y /
Die Size 3mm 3 mm (©)
Supply 33V s
Channels 2 i l
Input Range 300mV £
Sampling Frequency 25 kHz 8 4r 1
Total Power dissipation] 75.11 W at 25KHz ( 2-channel ) o
Active area of thel™ 662 m 193 m £ 3 il
order modulator 3
Active area of Analog | 760 m 540 m @
Processing Module 2 1

cascode op-amp with open loop DC gain @3dB is used Source Angle (d°)
for the integrator. The reference current of the rst order
modulator passing through transistor devid®8 M 12 g 11 Bearing estimates obtained using equation (27)
are tuned to accommodate the maximum input current of
(Ya=14=4 max(louyt)) to avoid overload condition. As

shown in Fig. 8, the multiplication between the digital Hit 24
and the reference current is implemented by switching n/o
the cascoded current source (sink). Switching at the sasce _ 22| il
opposed to switching at the drain has several advantaggs [ 2
as it reduces the channel charge injection [35] and cloct-fee 3 2
through at the integration node. IS
.g 1.8
V. MEASUREMENTRESULTS & 16
A. Circuit characterization 2
o . o g l4
A prototype localizer implementing the circuit in Fig- §
ure 8 was fabricated in 8&5m CMOS process. Figure 9 {5
shows the micrograph of the fabricated prototype and Tabls
summarizes its measured speci cations. Even though the 1 i i i i i i

0 5 10 15 20 25 30 35

localizer has been veri ed to operate up260KHz , all the o
Source Angle (")

measurements presented in this paper performed at a sgmg
frequency of25KHz . The learner has an input range of
300mV which is determined by the linear operating range ofig. 12. Zoomed in response for Fig. 11 where from within the range of
the source degenerated transconductor shown in Fig. 8. Tfe 34°, a resolution of2°.



TABLE 1l
Measured power dissipation of the learner

2.8

(a) System Component Power at 25kHz

["15T order mixed mode ModulatoPgoq ) | 8.68 W 26
Diagonal cell Ppc ) 6.6 W
Non-diagonal Cell Pypc ) 7.7 W

10-bit counter/shifter Bcnt ) 715 W 2.4

(b) System Channel Power
Channel 1| 30:13W
Channel 2| 44:98 W
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Fig. 14. Bearing estimates obtained using equation (29) for a dynaange
0% 50° at a resolution of2°.

=
®
:

Bearing Estimation Output
Loy
(2] N

through a standard loud speaker and the paramaiersay;

and ay; were obtained by accessing the counters on-chip
(through the serial-chain interface). In all the experitsethe
position of the speaker was xed and the microphone array was
rotated in steps of the desired angle. The source localizati
was then carried out using only three microphones which we
have shown to be suf cient using Eqn. 29 for compensating
Fig. 13. Bearing estimates obtained using equation (29) for a dynaarige Sensor mismatch. For each angular orientation of the source
of 0°  90° at a resolution of4°. ten sets of measurementsai{, a,; anday, ) were recorded
every 80ms using an Xilinx eld-programmable gate array
(FPGA) and equations (26), (27) and (29) were used to
estimate the bearing angle. The power dissipation of the
localizer operating aP5KHz was measured to bé5:11W

and it was observed that this metric reduces quadraticaily w
reduction in the sampling frequency.

Figure 10 shows the mean and standard deviation corre-
sponding to the parameter;; as measured using the
l?ecalizer. The response shows a monotonic behavior with
respect to the bearing angle which is varied fréfnto 90°.

For this experiment the bearing angle is varied by steps of
Pvod + Poc +(j  1)(Pnpc + Pent ) W (34) 4° and the response was also veried to be anti-symmetric
: T ith respect to the origin. The plot 10 shows a resemblance
Pmog represents the dynamic power dissipation of the mogs atan(:) function with deviation at the two end pointg°(

ulator, Poc  represents the static power dissipatiéfioc g 9(°) due to nite resolution of the DAC. The measured

represents the power dissipation of a single transconducltgsponse is therefore consistent with the theoreticaloresp

andPcnt represents the power dissipation of the counter a@‘ﬂ/en by equation (26).
current DACs. . -
Similarly, the measured response in Figure 11 shows that
] o the bearing estimate as obtained using equation (27) also
B. Acoustic Source Localization demonstrates a monotonic response with respect to thengeari
The microphone array is formed with the omnidirectionangle. However, compared to the estimate obtained using the
electret condenser microphondsnpwles Inc). This con- parametera;; as shown in Figure 10, the estimates using
denser microphone has the sensitivity agf2dB at1kHz. The ay; andaz, demonstrate3:3% lower standard deviation and
Signal to Noise Ratio§NR) of this microphone is55dB. hence provides a more reliable estimate. Figure 12 shows the
The 4-microphone array is designed with each condensereasured response when the source was varied@?dm35°.
microphonel cm apart is shown in Fig. 5(a). The far eld The mean response (computed using 10 sets of measurements)
effect is generated by keeping the acoustic source at andestademonstrates a linear behavior with respect to the source
of 1m from the microphone array. A 1KHz tone was playedngle. The resolution of the bearing estimates de ned as

=
I

0 20 40 60 80
Source Angle (q°)

power dissipation of individual components of the learner
are given in table Il. The power dissipation of a single
modulator was measured to B8 W which consistent with
the metric reported in [34]. The average power dissipatibn
a single transconductor along with the counter and the DA
was measured to b&15W . The power dissipation metrics
of each channels (corresponding to each modulator) is
summarized in Table Il, where the calculation is based on
following formula:
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