(12)

Us008

United States Patent

Cevher et al.

79485B2

a
3

US 8,379,485 B2
Feb. 19, 2013

(10y Patent No.:
(45) Date of Patent:

(54)

(73)

(*)

(21)

(22)
(86)

(87)

(63)

(60)
(51)
(52)

(58)

(56)

COMPRESSIVE SENSING SYSTEM AND
METIHOD FOR BEARING ESTIMATION OF
SPARSE SOURCES IN THE ANGLE DOMAIN

Inventors: Volkan Cevher, [ouston, TX (US): Ali
Cafer Gurbuz, Marietta, GA (US);
James H. McClellan, Chamblee, GA
(US); Ramalingam Chellappa,
Potomace. M1 (LJS)

Assignees: University of Maryland, College Park,
M1 (UIS); Georgia Tech Research
Caorporatien, Atlanta, GA (US)

Notice:  Bubjeet 1o any disclaimer. the term of this
patent is extended or adjusted under 35
U.S.C. 154(b) by 281 dayvs.

Appl. No.: 12/740,947

PCT Filed: Nov, 3, 2008

PCT No: PCT/US2008/082210

§ 371 (e)1),

(2),(4) Date:  Apr. 30, 2010

PCT Pub. No.: WO2009/059279

PCT Db, Date: May 7, 2009
Prior Publication Data

US 201{/0265799 Al Oct. 21. 2010

Related U.S, Application Data

Provisional application No. 60/984 430, filed on Now,
1, 2007,

Int. C’L

G018 /84 {2006.01)

US. CL oo cvrcnrnnne. 307128
Ficld of Classification Scarch .. e 3077128

Sce application [ile lor complete scarch history.
References Cited
LIS PATENT DOCUMIENTS

SA9525%6 A T 271996 Piper
6.993.440 B2+ L2006

e 32195
Anderson et al. .o TO2/66

FOR THIS NODE

G5 MEASUREMENTS

TA87326 B2% 32007 DBeadleetall oo 3424451
M03:0065262 Al® 42003 Slergiopoulos el al. ... 600:437
0070230269 A1 1042007 Tedecs el al,

OTHER PUBLICATIONS

V. Cevher, M. F. Duarle, and R. Baraniuk; “Thsiribuled Targel T.ocal-
ization Via Spatial Sparsity™, Proc. of 16th Liuropean Signal Process-
ing Cont. 2008. 5 pages.*

Marco 1L Duarte, Michael 3. Wakin, Dror Baron, and Richard G.
Baraniuk. 2006, Universal distributed sensing via random projec-
lons, In Proceedings of the Sthinlemational conlerence on Inlomma-
tion processing in sensor nerworks (IPSIN *06), ACM, New York, NY,
LSA, L77-185.%

(Continued)

Primary Examiner — [sam Alsomiri
Assistant fxaminer  James Hulka
(74 Anorney, Agent, or Pirm Carter, Dol uca, larrell &
Schmidl, 1.I.P

(57 ABSTRACT

Compressive Sensing (CS) is an emerging area which uses a
relatively small number ol non-traditional samples in the
form ol randomived projections o reconslruct sparse or com-
pressible signals. Direction-ol=arrival (120A) estimation is
performed with an array of sensors using CS, Using random
projections of the sensor data, along with a full waveform
recording on one relerence sensor. a sparse angle space sce-
nario can be recomstrucied, giving the number of sources and
their DOA s, Signal processing algoritluns are also developed
and described herein for randomly deplovable wireless sen-
sor arrays that are severely constrained in communication
bandwidth. There is a [vcus on the acouslic bearing cstima-
lion problem and it is shown (that when the targel bearings arc
modeled as a sparse vector in the angle space, functions of the
low dimensional random projections of the microphone sig-
nals can be used o delermine multiple source bearings as a
solution ol an 1]-norm minimization problem.

22 Claims., 8 Drawing Sheets



US 8,379,485 B2
Page 2

OTHER. PUBLICATIONS

barco 1 Duarte, Yu Ilen 1Iu., “Viéhicle classification in distritwted
gengor nelworks”. Journal ol Parallel and Dhsiribuled Compuling vol.
64, Tssue 7, Jul. 2004, pp. 826-838.*

Cevher. V,; Gurbur, A.C.; McClellan. TH.: Chellappa. R, “Com-
pressive wireless arrays [or bearing eslimation.” Acousiics. Speech

and Signal Processing, 2008 TCASSP 2008 TEEE Inlernaiional Con-
ference on , vol., No., pp. 2497-2500, Mar. 31, 2008-Apr. 4, 2008.*
PCT Internalional Preliminary Report on Paleniabilily dated May 4,
2010 for PCTATR2008:082210.

* ¢cited by examiner



U.S. Patent Feb. 19, 2013 Sheet 1 of 8 US 8,379,485 B2

I AR
R0 I
A AT )
5

RANDOM MATRIX N3
FOR THIS NODE

CS MEASUREMENTS

FIG. 1



U.S. Patent Feb. 19, 2013 Sheet 2 of 8 US 8,379,485 B2

SOURCE1

1 . | .

FIG. 2A 10!

; | CS MEAISUREMENTS |

05 F 1

q! -
05 =

-1 = -
15 ’ ' '

0 50 100 150 200

FIG. 2B



U.S. Patent Feb. 19, 2013 Sheet 3 of 8 US 8,379,485 B2

1 MVDR RESULT
| | b
08 -
06 i
04 | .
0.2 | -
D | K 1 L]
C 50 100 150 200
FIG. 2C
CS BEAMFORMING OUTPUT
1'2 | | |
1F @ i
0.8 -
0.6 | -
0.4} .
0.2F ‘ -
0
_0.2 | | ]
0 50 100 150 200



U.S. Patent

Feb. 19, 2013 Sheet 4 of 8
150 . . '
= ‘.
= . .
= 100 _ - -
E .-.'L—';F-l By ;.-
S g [l
e
0 1 | 1 |
0 10 20 30 40
Time in |s]
1'l T -y
o f-rr"“' s 5
Lo 4 d o4
a . - a - -
e I
-E :+ : ':- ¢ ’ d -
= 250 B [ ] ' “ - r
& 2* : - T
200 r“/ :.p’ i ,:!U/- ]
0 10 20 30 40 50
Time in [s]
B "Bl § )
w e
— At ~ 3
=) H - » :
k] B RS-
g A
'E 2650 t * :F = & J
-] a 1 + i
/Q £ ,; - A
|4 e Y _
ZDD# , , .’-1' ‘; '{
0 10 20 30 40 50

Time in [S]

US 8,379,485 B2

FIG. 3A

FIG. 3B

FIG. 3C



US 8,379,485 B2

Sheet 50f 8

Feb. 19, 2013

U.S. Patent

|
o
S
LL.
l‘#...l
- 4 ar - a
"l
| e,
Twyg 1 l- .-M
Wy T
| Fa L r kih‘
i 1

300 |
50 |

[o] W Buneag

30 40 50

20
Time in [s]

10

LLd
o]
=
L.
H"~ -
"= a -dqa.lJ_r
o3
H -
% =, F.-.- l-ﬂq
w 'l ﬁ
* .., ..._..... i
i (Y
., ’
L ] 4 L]
. 3 by
# +

350 T

[o] u1 Bunieag

20 30 40 50

Time in [8]

10

Lis
o
S
-
Li.
ry ] o
ot
%
oy, a
]

- . ¥
. [ 4 .I. s .. .l. u
II a -.-.I....
+ts L e A

- ¥ kel
L l.'..
iy vn
-%I » = . L
-
--..u-..-.-.. . N
|
ol I“I + * i | ]
» .1!- . "
bt I.- lﬂ. -
. -..ill.lﬂ-
n 3
X
1 | i‘..'
= Lo ] Q o
] ] L ju ]
o) o (Y] ol

[o] u1 Bunieag

20 30 40 50

Time in [s]

10



U.S. Patent

15

10

0.5

0.4

0.3
2

0.2

0.1

0

Feb. 19, 2013 Sheet 6 of 8 US 8,379,485 B2
0 50 100 150
Bearing in [7]
FIG. 4A
0 50 100 150

Bearing in ["]
FIG. 4B



U.S. Patent

Histogram

Histogram

Histogram

Feb. 19, 2013 Sheet 7 of 8

0.1 —= ; | .
—— 1 BIT QUANTIZATION
0.08 | — 64 BIT QUANTIZATION |-
0.06
0.04
0.02
N
Bearing in ["]
0.1 . , , ,
—— 1 BIT QUANTIZATION
0.08 |- — 64 BIT QUANTIZATION |-
0.06 | _
0.04 | .
0.02 _
o ko
0 10 20 30 40
Bearing in [%]
0.1 — , , ;
—— 1 BIT QUANTIZATION
0.08 | — 64 BIT QUANTIZATION | 1
0.06
0.04
0.02

Bearing in [%]

US 8,379,485 B2

FIG. 5A

FIG. 5B

FIG. 5C



U.S. Patent

Histogram

Histogram

Histogram

0.1

0.08 [

0.06 |

0.04 |

0.02 t

0.1

0.08 |

0.06

0.04

0.02 }

0.1

0.08 1

0.06 1

0.04 t

0.02 |

Bearing in [°]

Feb. 19, 2013 Sheet 8 of 8
N i TR e AN
0 20 40 60 80
Bearing in [°]
i !
0 20 40 60 80
Bearing in [°]
0 20 40 60 80

US 8,379,485 B2

FIG. 5D

FIG. 5E

FIG. 5F



Us 8,379,485 B2

1
COMPRESSIVE SENSING SYSTEM AND
MLETHOD FOR BEARING ESTIMATION OF
SPARSE SOURCES IN THE ANGLE DOMAIN

PRIORITY

The present application ¢laims priority from a United
Slates provisional application [iled om Nowv. 1. 2007 titled
“Compressive Wircless Arrays [or Bearing Histimation™ and
assigned LS. Provisional Application Scr. No. 60/984,439:
the entire contents of which are incorporated herein by refer-
ence,

GOVERNMENT RIGITTS

This invention was made with Government support under
ARO Contract DAAT190120008, The Government has cer-

lain rights in the invention.
BACKGROUND

Joint processing of sensor array oulpuls improves the per-
lormance ol parameter estimation and hypothesis lesting
problems bevond the sum ot the individual sensor processing
results. To realize the gains from the joint processing of array
oulpuls, arrays are olien ethered since the oulpul data [rom
cach sensor in the array generally requires a high bandwidth
for transmission. When this transmission is achieved in a
wireless setting, the sensor batteries can be quickly depleted

and array clements may cause communicalion inlerference 3

amomg themselves as they send relatively large dala packoets.
Compared 1o wireless proximity sensors, arrays are harder to
set up and deploy. In addition, wired arravs tend 1o have
relatively small apertures as unaltended ground  sensors

(UGS}, diminishing their main advantage derived from aper-

mure gains. Hence, there is a clear need for a wireless desigh
for arrays to overcome the disadvantages of the tethered array
designs (o Turther push the fronticrs ol what is achievable by
sensor networks.

SUMMARY

The present disclosure provides a system having a com-
pressive wireless array for two-dimensional bearing estima-
tion of multiple acoustic sources with a plurality of sensors
using a wircless chamnel under bandwidth constraints. The
recent resulls in compressive sensing theory are employed.
which state that exact recovery of sparse sources may be
obtained with high probability trom highly vnder-sampled
dala in the Nyquist-Shannon sense. The present disclosure

demonstrales the feasibility ol wircless arrays [or bearing <

estination when low dimensional random projections of the
sighals thom (possibly randomly) distributed single micro-
phone sensors are used as inler-sensor messages over the
communicalion channel. "The targel bearings are reated as 4
sparse vector i a discretized bearing space.

For acoustic bearing estimation, it is assumed that the
individual sensor locations are known a priori: however. the
number ol sources is not assumed. When the source signals
are unknown but incoherent, the present disclosure shows that
the high-rate samplers can be eliminated from all but one of
the array clements by using a constrained convex oplimiza-
tion algorithm to perform the bearing estimation caleulation.
To favor sparsity of target bearings |, -norm minimization
with the Dantzig selector s a proxy 1o a combinatorial opti-
mivalion is used.

The compressive bearing estimation approach in accor-
dance with the present disclosure based on |, minimization is
substantially different from approaches in the literature, such

[
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as generalized cross correlation (GCC), minimum variance
dislortionless response (MY1IIR), and multiple signal classi-
fication {MUSICY which require Nyquist sampling at the
sensors. In addition. there are no Gaussian source assump-
tions, sueh as GCOC, nor any assumptions about the source
signals being narrow or wideband, such as MVDR and
MUSIC.

In the literature, there are other comvex oplimivalion
approaches 1o determine multiple sources DOA’s, based on
regularization. However, the common theme of these meth-
ods 1% that they stll require Nyquist-rate sampling. [ollowed
by conventional beamlirming al a small number ol angles.
Repularized construetion on the angle space is then done to
constrain the caleulation of the conventional beamflormer
output.

The method according 1o the present disclosure is funda-
mentally different in many ways from the earlier works for
wircless arrays and compressive wircless sensing. In one
carlier work described in ). Chen, L. Yip, ) 1ilson. [T Wang,
D. Maniezzo, R. Hudson, K. Yao, and D). Estrin, “Coherent
acoustic array processing and localization on wireless sensor
networks,” Proceedings of the TR, vol. 91, no. 8. pp. 1154-
1162, 2003, the authors use audio codes and compression
techniques 1o send the tull individual sensor acoustic data to
acluster head, which in turn determines source bearings using
the maximum likelihood (MI.) and least squares (1.8) meth-
ods.

In W Bajwa, J. Havupt, A, Saveed, and R. Nowak, “Com-
pressive wireless sensing” in IPSN, 2006, pp. 134-142,
power-distortion-latency trade-olls are given lor a compres-
sive sensing scheme lor sensor networks. which employs the
compressive sensing framework as a voiversal encoding
scheme to send and recover signals from multiple distributed
sensors. When compared (o these carlier works. the compres-
sive wireless array approach according to the present disclo-
sure provides a wireless sensing strategy to directly determine
a sparse bearing vector in the angle domain by exploiting the
redundancics in the sensor signals lor the bearing estimalion
problem.

The present disclosure provides many advantages such as
the following:

1. It provides a bearing estimation algorithm which uses
very small number ol samples. The algorithm is very
suitable for wireless arrays with communication con-
straints.

2. It provides 313 bearing estimates in avimuth and cleva-
Lion angles.

3. It provides long battery life 1o the sensors since most
battery power is consumed in communicating between
sensors. Since the compressive samples are (he mini-
mum number of data samples required (o reconstruet the
bearing vector in the angle domain, the approach accord-
g to the present disclosure nses minimum possible
communication bandwidth among the scnsors which
would yield very lomg battery lile. lield data results are
shown where only 10 bits of information is passed from
each microphone 1o estimate multiple target bearings.

4. It provides less cluller since sparse solutions are favored
in the method described herein.'The method chooses the
best combination of bearings with smallest number of
bearings that explaing the measured data.

5. 1t provides nulling a jammer which has possibly much
higher power than the target ol inlerest.

6. Itean be used with wired arrays reducing the A/'D load on
the sensors which is very important in applications like
radar or radio astronomy where taking samples are very
expensive. As an example. the Allen lelescope Array
northeast of San lirancisco has a lrequency coverage
from 0.5 10 11.2 GHz for scientific studies. The method
described herein nses very small set of informative lmea-
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surements that allow estimation of DOA’s. The samples
are nol necded (o be taken al the Nyquist rate but rather
the “inlormation™ rate of the signal.

7. The sensor posilions can be tolally random giving the
fexibility of easy deplovment. A case is envisioned
where the sensors are thrown out 1o the field randomly.
After calibration they start bearing estimation passing
very small amount of data within the network.

8 I results in aperlure gains when the aperlure sl
increases with the same number of sensors, the bearing
resolution of the arravs increase, allowing the two tar-
gets Lo be separated. This separation is even clear, when
only one bil is used for cach compressive sample.

9. It resulls in a quite robust wireless array scheme against
noige in the compressive samples and can even operate
when only the zero crossing intormation of the compres-
sive samples 1s passed.

These and other advantages are deseribed herein with rel-

erence 1o the drawings and the detailed description which
Tollows.

BRI DESCRIPTION OF THIE DRAWINGS

FIG. 1 illustrates a sensor setup for compressive beam-
forming in accordance with the present disclosure;

TGS, 2{a)-(d) illustrale (a) source signals, (b) nolsy com-
pressive measuremoents [rom all sensors. (¢) MYDR resull.
and (d) compressive (CM) beamtormer output indicative of'a
test example described herein;

FIGS. 3(a)-() illustrate (a) Time-trequency plot of the
received acoustic data. "The circles indicale the strongest two
[requencics in the data under the spatial aliasing lrequency ol
150 Hz. (b) Minimum variance distortionless response beam-
forming results on the two strongest frequencies shown in

FIG. 3(a). The tracks are smooth with a small amount of 3

clutter. (¢} The wircless array resulls with 1.=135. cach sent
with 64 bits. L'he sive ol the dots is proportional (o the value
in the solution of (). There is minimal clutter when compared
1o the adaptive beamforming results in FIG. 3(5). (d) The
wireless array resulls with 1.=100, cach sent with 1 bit (vcro
crossing). Note that the clutler has increased when compared
Lo the results in FICGE 3(e). (¢) The wircless array resulls with
L 30, each sent with 1 bit (zero crossing). Note that the
clutter has not increased too much when compared to the
results in UG 3(d). (1) 'The wircless array results with 1.=10.
cach sent with 1 bit {(ere crossing). The elutter has increased
when compared to FIGS. 3(ef) and 3(«); however, the bearing
tracks are still clear;

FIG. 4(a) illustrates before nulling the jammer, and FIG.
4(h) illustrates alfler nulling the jammer;, and

I'I(8. 5(a)-(f) illusirate the aperture gain [or different aper-
mure sizes. (Top) Results with 1 bit quantization of the com-
pressive (CM) outputs are marked with dots. (Bottom) Mul-
liple sowrce bearing  eslimation  resulls  or  random

deployment. The true source bearings arc shown with the =

dashed vertical lines.
DETAILED DESCRIPTION

I. Compressive Beamlorming Method

1. Introduction

The problem of dircetion-ol=arrival {1DOA) estimalion is
exlensively studied in array signal processing, sensor nel-
works. remole sensing. ele.'lo delermine a DOA using mul-
tiple sensors, generalized cross correlation (GCC), minimum
variance distortionless response (MVDR), and multiple sig-
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nal classification (MUSIC) algorithms are commonly vsed.
13y construction. all ol these methods require Nyquist-rale
sampling ol recelved signals (o cstimale a small number ol
DOA™s in angle space. which is very expensive in some
applications such as radar or radio astronomy. As an example,
the Allen Telescope Arrayv northeast of San Franecisco has a
requency coverage from 0.5 10 11.2 Gl for scientilie stud-
ics. In the present disclosure. a method 1s presented (hat takes
avery small set of informative measurements that still allow
one to estimate DOA’'s,

Recent results in Compressive Sensing (CS) (see, e.g., The
recent resulls In compressive sensing are deseribed in R G
Baraniuk, “Compressive Sensing,” [E15F Signal Processing
Magazine, vol. 24, no. 4, pp. 118-121, 2007 ) state that it is
possible to reconstruet a K-sparse signal x s of length N
from O{K log NY measurements. C8 takes non-traditional
linear measurements, y=IOx, in the orm of randomived pro-
jections. A signal x, which has a sparse representation in a
transform domain ', can be reconstructed from M C(u*(<D,
Tilog N) K compressive measurement exactly with high
probability by solving a convex oplimization problem ol the
lollowing lorm

min |, subject to y—OWa. 1)

which can be solved efficiently with linear programming.

A bagis-pursuil strategy is used 1o formulate the 1204
cstimalion problem as a dictionary sclection problem where
the dictionary entries are produced by discretizing the angle
space and then synthesizing the sensor signals for each dis-
crele angle. Sparseness in angle space implies (hat omly a low
ol the dictionary entrics will be needed 1o malch the measure-
ments. According o the resulls o['CS. it should be possible 1o
reconstruct the sparse dictionary-selector vector from M
compressive measurements. Copressive measurelments
{random projections) ol the angle space vector are nol laken
directly. Instead. random projections of the received signals
are laken al the sensors: there is a model [or these as delayed
and weighted combinations of multiple source sighals com-
ing from ditferent angles.

When the source signals are known. e.g., in active radar. it
is possible o direetly create the diclionary entries by delaying
the known reference signals. When the source signals are
vuknown and incoherent, the high-rate samplers from all but
obe of the array elements can be elininated by using CS 1o
perform the beamlorming caleulation. One sensor must be
devoled o aequiring a relerence signal, and this operalion
must be done at a high rate, i.e., Nvquist-rate sampling; the
other sensors only need to do compressive sensing. By using
the data [rom the relerence sensor. it is shown that one can
relate the compressive measurements al all other sensors 1o
the angle space vector 8 limearly, because 1 is assumed (hal
the locations of the sensors with respect to the reterence
sensor are known, This enables one to find the sparse dictio-
nary seleclor veelor by solving an 1, minimization problem,
which is detailed in Seetion 2.

The compressive beamforming approach in accordance
with the present disclosure which is based on |, minimization
is substantially different from approaches in the literature,
such as GOC MVDR, and MUSIC which require Nyquist
sampling al the sensors. In addition. the C8 beamlorming
approach does not have Gaussian source assumptions, such as
GCC, nor have any assumptions about the source signals
being narrow or widchand. such as MY1IR and MUSIC. In
the literature. there are other convex oplimivation approaches
lo determine multiple source DOA s, based on regularization.
However, the common theme of these methods is that they
still require Nvquist-rate sampling, tollowed by conventional
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beamtorming at a small number of angles. Regularized con-
struction on the angle space is then done o constrain the
caleulation ol the conventiomal beamlormer oulpul.
2. Theory: C8 lor DOA Istimation

Clases are considered where the source signal is known or
unknown, as well as cases with one source, multiple sources,
and additive noise.
2.1, DOA Tistimation of a Known Source Signal

Aszsume that one knows the source signal s(t) and wants to
determine the DOA of this source, vsing an array ot L sensors
with an arbitrary geometry. The sensor positions are assumed
knewwn and are given by m,=]x,, ¥, 7]7. When the source is in
the far-ficld ol the array, sensor i simply receives a lime-
delaved and attenuated version of this source

2=l A LT =R, 2

where wois the allenuation, w~{6,. @©;) is the angle pair
consisting of the nnkoown azimuth and elevation angles of
the source, R is the range 1o the source, and A,(m.) is the
relative time delay (or advance) al the i-th sensor lor a source
with bearing T, with respeet o the origin ol the array.

Iinding the DOA 1s equivalent 1o (inding the relative time
delay, so one ignores the attenvation and assume that the R/c
term is known, or constant across the array. The time delav A,
in (2} can be determined [rom geomelry:

coslissindy
Aslmgr= 1oy | sindssinhs |,

costls

where ¢ is the speed of the propagating wave in the medium.
The source angle pair m, lies in the product ol space |0,

2% [0, Ty, which must be discretized Lo form the angle

dictionary, 1.e., oLe enumerates a finite set of angles for both
1o azimwuth and elevation to generate the set of angle pairs
p={m, ., ..., m}, where N determines the resolution. et
b denote the sparsity patlern which sclecls members ol the
diseretived angle-pair sel 3, Lo, a non-vero positive value at
index j of'b selects a target at the az-el pair tor &, When there
is only one source, one expects the sparsity pattern vector bto
have only one non-rero entry. i.c.. maximal sparseness.
One can relate the bearing sparsily pattern veetor b linearly
10 the received signal vector at the i-th sensor as follows:
LoER )]
e [P PR R I I/ N P £ S L SR S EF O VI (5]

where F; iz the sampling frequency, t,; is the appropriate

initial time. and N, is the number of data samples. In (4), the =

J-th column of 1P, corresponds Lo the time shill ol the source
signal (1) corresponding o the j-th index ol the sparsily
pattern vector b, which indicates the proper time shitt corre-
sponding to the angle pair mt,:

[ | =8l AL, L s AT % e

where t' 1-R/c. The matrix ¥, is the dictionary {or, sparsity
basis ) corresponding to all discretized angle pairs 3 at the i-th
SCNSOT.

In C8. rather than sampling T, al ils Nyquist rate. which
would enable recovery ol s(1). one measures lincar projec-
tions with M random vectors which can be written in matrix

form for the i-th sensor:
B =D, 7

where D, s an MxN, matrix, whose rows are random vectors
selected 10 have minimum mutual correlation with @, Then

[
[y
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the sparsity pattern vector b can be found from the set of
compressive samples from all the sensors 5= 7, by the solv-
ing the lollowing 1, minimization problem:

vector & arg nlin Shi ) subject ta 45— [ (&)

where B=[p7, . . .. f7.)% and A=QW with w=[W7, ...,
W, 17, and @ the block diagonal matrix ol size |.MxI.N
formed with the @,'s along its diagonal.
2.2. DOA Estimation of an Unknown Source Signal

In passive sensing problems, the source signal (1) is not
known and is ollen estimated jointly with the source angle
pair it When s(1) 15 unknown, one cannol construct W in the
1, minimization problem (8) 10 determine the sparsity pattern
vector I, One alternative is 10 nse the received signal at one
sensor (sampled at the Nvquist rate) as the presumed source
signal: the rest of the sensors can still colleet the compressive
samples. This sensor is called the relerence sensor (R8).

The reference sensor records the signal £,(1) ar a high
sampling rate. One can caleulate the time shitt for sensor
with respeel 1o the RS using equation 5. "Thus, the data at
sensor 1 [or an unknown source al bearing r,; is C{O=C (I+A,
{T,)). The sparsily basis malrix W, lor scnsor i can be con-
structed using proper shitts of €,(1) foreach n,in ff. Hence, not
knowing the source signal incurs a cost of Nvquist rate sam-
pling al one of the sensors, but high data sampling rates [rom
the rest ol the array elements are still avoided.
2.3, Effects of Additive Sensor Noises

In general, the i-1h sensor receives a noisy version ofthe RS
signal {(or the source signal) as T Colt+A(0D+n,(t).
Then the compressive measurements {3, at the 1-th sensor have
the [llowing lorm:

r

5 P b+,

]

where u,=D,n~N(0,0%) and n, is (he concalenation of the
noise samples al the sensor i, which is assumed 1o be N((),
a”, ). Since @, is deterministic, then one has o® (2™, _@>,)
o?,. Hence, if the norm of the &, vectors is constrained to be
one. then o?=a?,,

Wilh the construction of f and A in Scelion 2.1, the sparsity
patlern vector b can be recovered using the Dantyig seleclor
convex optinization problem:

veelor f=arg min | ) s, AT R-AD] ], <eNo (L

Sclecting eN=y2 log N makes the true b feasible with high
probability, The optimization problems in equations 8 and 10
both minimize convex funetionals, a global optimum is goar-
antecd.

2.4, DOA Estimation of Multiple Unknown Sources

Now assume there is another source s,(0) impinging on the
array at the bearing ,. If's.(1) is non-coherent with s, (1Y one
can show that its effect is similar to additive noise when
lovking in the direction ol the [irst source signal. In order 1o
show that this additive nolse behavior is a correct inlerproeta-
tion, the constraint in equation 10 is examined which vields a
sparse solution for b even in the presence of noise.

The recorded RS signal is

Cli=s i aat) [

assuming equal amplitude signals. The shitted RS signal at
the i-th sensor is

Tl AT, 1= AL, (AT, [

when the assumed bearing is m,, and this signal is vsed 1o
populate the n-th column of the A matrix. On the other hand,
the true received signal at the i-th sensor 1s

1

T (AT s LA ) )

where there are different time shifts for the two signals.
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The terms in the Dantzig Selector (10) constraint, A7} and
ATA are actually auto- and cross-correlations. Tor ATp a
column veclor is oblained whose n-th clement is

Ry AT, LA R AR, AT, 1+ (14

R AT AT TR 3 AT, LA ) 15

where Ry, is the awlocorrelation ol signal s,(U). Ra, (he aulo-
correlation of s,(t), and R,, the cross-correlation. For the
matrix AZA, the element in the n-th row and r-th column is

BT VA R 0A T AT 0+ {16

Ry AALT AR AT, LAGT, 17

Two assumptions are made: first, that the cross correlation
is small  this is the incoherence assumplion; second, that the
signals de-correlate at small Tags, i.e., the aulocorrelations are
peaked at zero lag. Then the constraint in equation 10 is
examined, and it is observed that in orderto make AR -ATAb
small one should malke sure that the large elements in the
veelor ATR are cancelled by (he large terms in ATAL, With
these assumplions. the twa largest clements in AYp oceur
when m, =, and m, 7., becavse these are cases where there
are peaks in the sutocorrelations, e, R (A (m ), A, }) and
R, (A (LA, )). When ome cancels the element R (A GT)).
Al therow ol A” Ab carresponding (o m=m, is used. so the
veclor b must seleet the column where ,=mn,. | ikewise, Lo
cancel the element R, (A (7T,).A(T,)), the it, m, @, row and
the m, m- column are vsed. The assumptions say that all the
other clements will be relatively small.

Thebottom line of this analysis is that the Dantzig Sclector
constraint, with a well-chosen €, will allow the matching of
the two signals at their true bearings. Then the || minimization
of the selector vector b will tend to pick the signals whose

aulpcorrelation is large. The preceding analysis can be modi- 3

fied for the case where the signals have dilferent amplitudes.
but when the relative amplitudes become oo different one
expects that the |, minimization would pick the larger of the
Lwa.

This same reasoning can be extended o the case with P
unknown sources al bearings (8, ). (8,0, ... (B0 ).
wpinging on the array of sources. A possible scenario in
accordance with the present disclosure is shown in FIG. 1
having two signal sources 1 and 2, al least one compressive
sensor 3. al least one reference sensor 4. Sensor i receives 4
delayed combination of source signals as

A 118}
&in= Z SO+ Ay, D)+ w0
Fl

If'the non-coherency between sources is satisfied then one can
exlend the two-source analysis above Lo the P source case. and

claim that the Dantzig Selector consiraint will favor the cor- 3

rect source bearings. Thus, the |, minimization problem in
equation 10 will reconstruct the appropriate selector vector b
from one RS signal and L-1 compressed sensor ontputs.

3. Bimulations

Finally. a test example is shown o illustrate the ideas
presented in the previous section.

Two svuthetic speech sources are taken and placed in the
[ar ficld ol a lincar array of 11 sensors placed on the x-axis
unilormly with (.25 m spacing. The middle sensor is selectled
as the relerence sensor which is laken (o be at the origin. The
Two sourees are placed at angles 33° and 78°. The two sources
are WAV files that one assumes are unknown. The first source
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reads “Houston we have a problem,” and the second reads
“Remember. The [oree will be with you. Always.” The source
signals used in the simulation are shown in IG 2{a). The RS
signal is the sum ol the two source signals.

Segments of length N, 8000 are extracted from the source
signals witht, 500010 beusedinthe processing. Each sensor
takes only 15 compressive measurcments which makes a lotal
ol 165 measurements. Therelore, ihe total measurement num-
ber is much less than the standard time sample numbers ol the
signals, N,. This iz because one is hot trving to reconstruct the
signals. DOAs are only reconstructed in O space, which has a
resolution of 19 and length of 181 for this example. The
cntries of the random measurement maltrices lor cach sensor
is drawn randomly trom N(0,1) independently. WGN is
added to the compressive measurements with sipnal-to-noise
ratio (SNR) equals 10 dB. FIG. 2(h) shows the compressive
measurcments. y. [rom all sensors. These measurements are
the only inlormation known aboul the sources along with the
RS data. For the Dantzig Selector constraint, € 3v2 log
No 0.98 is used for this example. Solution of the |, minimi-
sation problem in equation 10 gives the resull in FIG. 2{4).

Il all the sensors had samples ol their received signals at a
high sampling frequency one can apply MVIIR and one
would obtain the response in FIG. 2{¢). The MV DR process-
ing iz done at £ 500 Hz which is a peak in the FFT of the
signals. The number of snapshols was 40, and the length ol
cach snapshol 200 samples. ven though the MY DR shows
two sighificant peaks at the true source bearings, a much
sparser result was obtained with CS while vsing many fewer
measurements than from standard sampling,

4. Conclusion

The preceding sections provide a compressive beamlorm-
ing method for using compressive sensing for DOA estima-
tion of multiple targets. The tact that all but one of the array
sensors uses compressed measurements reduces the amount
ol data that must be communicaied belween sensors. “The
method has potential in wircless sensor nelworks where
arrayvs would be formed from distributed sensors.

I1. Compressive Wircless Array

1. Introduction

Wireless communication technologies have revolutionized
the intormation gathering and processing svstems by
cnabling a large number ol simple sensors o coordinate
among themselves o lackle larger sensing problems in a
bandwidth constrained and distributed manner. In the quint-
essential application of target localization, the research trend
in the sensor nelworks lilerature has subscquently shilled
from sensor networks of a small number ol bearing-capable
arrays (o sensor nelworks ol large number ol proximity-
capable sensors. In contrast, recent results in sensor network
design suggest that when constrained with the same budget, a
sensor nelwork consisting of only arrays can signilicantly
outperform the average localivation perlormance ol the
cheaper proximity sensors in spite of their sheer number per
capita.

For arravs, array sighal processing is vsed to enhance the
signal-lo-noise ratio beyond that of a single sensor’s oulpul
for parameler estimation. ‘1o realize the gains [rom the joint
processing of array outputs, arrays are characteristically teth-
ered since the output data from each sensor in the array
generally requires 4 high bandwidth [or ransmission. When
this transmission is achieved in a wircless selling. the sensor
batterics can be quickly depleted and array clements may
catse communication interference among themselves as they
send relatively large data packets. Compared 1o wireless
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proximity sensors, arrays are harder 1o set up and deploy as
they require speclal deployment mechanisms. In addition.
hecause ol their wired nature, arrays lend 10 have relatively
small apertures as unatlended ground sensors (UGS). dimin-
ishing their main advantage derived from aperture gains.
Hence, there is a clear need for a wireless design tor arravs to
overcome the disadvantages ol the tethered array designs Lo
[urther push the frontiers of whal is achievable by scnsor
networks.

In the following sections, the 2D bearing estimation of
multiple acoustic sources is discussed with a set of sensors
using a wircless channel under bandwid(h constraints. Typi-
cal examples of sources are sniper (ire, human lootstep and
speech signals, vehicle signals, and chirp signals. The recent
results in compressive sensing theory are emploved, which
slale thal exact recovery ol sparse sources may be oblained
with high probability rom highly under-sampled data in the
Nyquist-Shannon sense. The recent resulls in compressive
sensing are described in R. G. Baraniuk, “Compressive Sens-
g IEEE Signal Processing Magazine, vol. 24, no. 4, pp.
118-121. 2007,

Avsignal is called sparse il contains only & small number
of non-zero components within some transtorm domain. The
feasibility of wireless arrays for bearing estimation is dem-
onstrated when low dimensional random projections of the
signals rom (possibly randomly) distribuled single micro-
phone sensors are used as inler-sensor messages over the
communication channel.

The target bearings are treated as a sparse vector in a

discretized bearing space and apply 1-none minimization 3

with the Dantzig seleclor as 4 proxy 10 a combinalorial opli-
mivalion problem (o oblain mulliple source bearings. lior
acoustic bearing estimation, it is assumed that the individual
sensor locations are known a prior; however, the number of

sources 15 notl assumed. L is explained below how the array 3

steering malrix [or a sparse sel of sources in the angle domain
is [ormed [or bearing estimation and how the multiple target
bearings are calculated using the random projections of the
sighals from mwltiple microphones, which constitute the
compressive samples of the targel bearings. 11 is noled that
these projected samples are used directly Lo caleulate the
target bearings without any auxiliary signal reconstruetion as
they may not recover the microphone signals directly. Pos-
sible implementation schemes are given for the proposed
wireless system. Although the locus s on bearing estimation
with acoustic signals for acoustic surveillance and telecon-
ferencing, the results can be extended for other tvpes of
SOULCes.

The approach is [undamentally different in many ways

[rom the carlier works lor wircless arrays and compressive s

wireless sensing. Inone carlier work, authors use audio codes
and compression techiniques to send the full individual sensor
acoustic data to a cluster head, which in turn determines
source bearings using the maximum likelihood (M1} and

least-squares (1.5) methods. In another carlior work. power- s

distortion-latency trade-otls are given for a compressive sens-
g scheme tor sensor networlks, which employs the compres-
sive sensing framework as a universal encoding scheme to
send and recover signals from multiple distribuied sensors.
When compared o the two carlier works mentioned in the
preceding paragraph, the compressive wireless array
approach according to the present disclosure provides a wire-
less sensing stralegy Lo direetly determine a sparse bearing
veclor in the angle domain by exploiting the redundancies in
the sensor signals [or the bearing eslimation problem. In the
approach described herein, (1) the inter-sensor messages may
1ot recover the original acoustic data sent by a sensor and
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there is no requirement of any auxiliary signal reconstruction
al the processing node in conltrast o the two carlier works, (i)
one may nolbe able (o determing the source signals even alier
determining their bearings, and (i) the inler-sensor messages
require significantly smaller communication bandwidth than
the first earlier work and smaller bandwidth than the scheme
described in the second carlier work. "The M. or 1.8 methods
are also nol used in oblaining the bearing estimates.

The organization of the following sections is as follows.
Section 2 explains the bearing estimation details of the wire-
less arrays using compressive sampling ideas. Section 3 gives
possible implementation and quaniivation schemes lor mes-
sage passing among the sensors in the communications chan-
nel. Section 4 shows field data results to demonstrate the
performance and effectiveness of the wireless arrays.

2. Communication Constrained Bearing |stimation of Sparse
Sources
2.1 Acoustic Data Obscrvations

The bearing estimation of K noncoherent sources in an
isotropic medivm in the far field of a collection of M sensors
with known positions 5= x,.y,]' (i=0, . .., M=1)om the ground
planc is discussed. The far ficld of a sensor collection is
defined as the boundary of the source region atter which the
propagating waves appear perceplively planar with respectto
the array aperture. For convenience, sensor 0 is called a ref-
crence microphone (RM) and is situated atl the origin: £,=[0,
O Iis not assumed that the number of sources K is known.

The received signal is denoted at the RM as x,,(1) Z%_;s,
(t3+n,,(t), which is a superposition of K source signals 5,(1)
impinging al bearings 8, (measured with respeet Lo the x-axis)
and the sensor noise n,, (0. Sensor i observes the lime delayed
for advanced) superposition x,(0=2%,_ s, (478, 0,1} of
the source signals plus noise, where the time delay at the ith
sensor T(0) of a source at bearing U is given by

cosd ] i1

A =170
wl#) ! r@,’,[ sinf

where ¢ is the speed of sound. The objective according to the
present disclosure is to determine the source bearings
18,. ..., 8, )} by sending the minimum amount of information
possible among the sensors. By delermining the minimum
inlormation necessary Lo reconstruct the bearings. the inter-
sensor message packet sizes are minimized so that sensor
batteries are preserved and inter-sensor communication inter-
lerence is minimired.

2.2, Compressive Sensing

The source bearings 8 are treated as an unknown vector in
R¥, where N is the resolution of the (unitormly) discretized
bearing space, which resides in [0, 2m). An adaptive discreti-
sation can be done lor locusing purposcs. Within the bearing
space, the bearings corresponding to the sources have non-
Zero entries in their respective locations in the discretized
bearing space, whose valvues are to be determined trom the
problem set up, whereas the zero values simply imply the
absence ol largets al the corresponding bearings. lence. the
objective source bearings veclor according to the present
disclosure 1s modeled with a K-sparse vector in the N-dinen-
sional angle domain (N=>K), whose sparsity pattern is of
interesi.

Assuming there are digital samples ol the source signals
corresponding o 1 seconds. sampled al 1 sampling [re-
quency. Define the kth source vector as a concatenation of
these samples:

suftoimvec [ 0 i—imA i m =0, L -1, {2005
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where 1, i3 the time origin and [TFs]=N. For convenience, t,
is sel 1o 0 Tor the rest ol the deseription herein. “Then, il one
wore Lo sample the observed signal al a sensor 1L one would
receive

Ko =0, e L Oy s O e O s (B T L] 3 213
FR 0 O R R N 4 O
=58 = 8.8,

where 8 [11s)xN is the source matrix and 8:Nx1 is the
ohjective K-sparse bearings vector. Assuming that the
sources are noncoherent (E{s',s,} 0, VK, 1)), one can always
replace zero column eniries of 8, 1o make its rank N, Denoie
ome such matrix as 8, where rank (8;7=N.

Compressed sensing decreases the inelliciency ol sam-
pling at Fs by directly acquiring a compressed signal repre-
sentation without going through an intermediate stage of
acquiring | 11 ] samples. Consider a linear measurement pro-
cess on the (unobserved) x; veclors:

¥ D, DSH-A400, 122

where ®,: Lx[TFs]is the measurement matrix and A, (0): LxN
is called (he source steering matrix. When the source stecring
malrix salisfics the restricled isomelry properly (RIP), it is
possible to show that 0 can be recovered from L= aK log N/K
measurements where ¢t is a simall number. However, note that

this requires the knowledge of the source matrix 8, which is 3

not known.
2.3, Istimation ol Stecring Matrices

Estimates of the source steering matrices can be deter-
mined vsing the RM, which is required 1o take samples at Fs.

The estimale is [ormed using the delayed versions ol the 3

reflerence signal as [ollows:

S48 [rlTa 20 23

PRI

AT SN IN-10].
Note that when the songht source angle matches the actual
source direction. then the columns ol the source steering
malrix has the maximum correlation. where the other sources
act as hon-coherent noise samples. When the source steering
matrix satisties the RIP property, it is known that the errors in
the sparse vector estimates are well behaved under additive
perturbations of the measurements. In Section | above. 1t is
[urther discussed how each source can be modeled as additive
hoiseinequation 22 and detail the construction ofthe steering
matrices as a basis pursuit strategy.

2.4, Bearing stlimation Problem

Determining 8 has exponential complexily in N as there is 5

aneed Lo search [or all the subsets of N. which is a combina-
torial problem. To determine the source bearings, one solves
the following convex optimization problem at the RM, which
serves as a proxy ol the combinatorial solution:

# = argmin||fl, such thal |47 - 48], = &, (24

where Y=[y', oo, ¥l A=OS. d=ding{d,, .. .. D}, and
58, .. 8,0, and € is a relaxation variable. To solve for
0, the RM needs the compressive measurements ¥, from the
other sensors. Node that the samples y,. s are the compressive
samples with respect o 8§ and nol with respect Lo x,. That is. it
may or may nol be possible o reconstruet x; given the mea-
surements v,. For the bearing estimation problem described
herein, zero mean Gavssian random variables are used with
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vnit variance to construct the measurement matrix @. To solve
for 8. the Dantrig selector is used.
3. Implementation 1elails

I is assumed that the sensor posilions arc determined by a
calibration algorithm, e.g., as described in A, T. Thler, J. W.
Fisher ITI, R. L. Moses, and A. S, Willsky, “Nonparametric
belic! propagation lor scll-calibration in sensor networks,”
IPEN, 2004, pp. 225-233. ACM Press, New York, NUY. Since
the wireless array aperture is expected to be less than 10 m for
all practical purposes with the number of total microphones
not exceeding 10-20, all the communications can be made
centralived by using orthogonal coding schemes or can be
achicved wilh a small number of hops. and lairly accurate
svachronization can be achieved among the sensors. It is
assumed that a measurement matrix D is predetermined and
cach sensor has ils knowledge.

I'or the array hardware. a unilorm microphone sensor sel is
cnvisioned with wircless communicalion capabilities. so that
each microphone can act as the RM if necessary. With this
redundancy, a possible RM bottleneck can be avoided in the
luture 10 increase robusiness of the system. When a micro-
pheme is notacting as the RM, it 1s In the compressive sensing
state to preserve battery and it is called a compressive micro-
phone (CM) in this state. The RM can be chosen randomly;
however, it is possible to use heuristics or active self-evalua-
tion methods to choose the best one in some sense. Duties of
the RM include: (1) sampling acoustic data x,, at ', (11} [orm-
ing the sparse source steering matrices in equation 23 using
the knowledge of the sensor positions, (i) receiving mes-
sages [rom the CM's and [orming the data veclor ¥ oand the
measurcment matrix P, and (iv) determining 8 by solving
cquation 24, These dulies stipulate a digital embedded sys-
tem, which can be done with FPGA’s or other digital DSP
systems.

I'ull analog, mixed mode. or [ull digital implementation
can be used [or the compressive state. depending on the [inal
power comsumption of the implementation. In the [l analog
implementation, analog mixers can be used 1o simulate @ 1o
obtain the compressive data ¥ in equation 22, followed by a
simple vero-crossing detector. In this case, the dala messages
are y=+1. Burprisingly. it is sUill possible o oblain bearing
estimates from the solution of equation 24 (see Experiments).
In the mixed mode implementation, an analog-to-digital
(A/D) converter is used to sample the analog mixer output.
Dillerent quantization levels can be used. In the [ull digital
implementation, the acoustic data 1s sampled with an A/D
converter, then digitally multiplied with @. Special care must
betaken in determining the sampling frequency and the quan-
tivation levels lor this case.

4. Lixperiments
4.1. Acoustic lield Data Results

A uniform circular acoustic array with 10 microphones
{nine microphones on the perimeter with 1.44 meter radius
and one al the cenler) is used Lo collecet the acoustic data [or a
five vehicle convoy al the Aberdeen Proving (rounds. "The
acoustic data sampling rate is F_ 4410 Hz. The convoy con-
sisted of two military Hummers and three commercial sports
vtility vehicles, traveling on gravel onan oval track. Detection
and tracking of the commercial vehicles presented a dilficult
challenge because the commercial vehicles were in between
the two louder military velicles, hence they were acoustically
suppressed. For this example, the center microphone is used
as The RM whercas the other nine microphones are used as
CMs. The array oulputs bearing estimates every (1.5 seconds.

IF1GS. 3(e)-(1) llustrate the wireless array bearing estima-
tion results for different number of compressive samples L
and quantization levels, and compare them with a frequency
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adaptive minimum variance distortionless response (MVDR)
heamlormer (PIGS. 3(a)-(A)), which uses all 10-microphone
data collected at I, The MY DR beamlormer uses the stron-
gost lwo peaks in the lime-frequency spectra ol the received
signal as shown in FIG. 3(g) and detects the three strongest
peaks in the power versus angle pattern. The compressive
wireless array uses N=360 and discretives the bearing space
unilormly into 19 resolution grid. lor the relaxation variable
€ in the convex optimization problem, e 0.5:/log N 1.211s
used. The wireless array results are reported under difterent
test conditions below. In all the cases, a zero mean Gaussian
noise wilh standard deviation 10 dI3 below the power ol the
compressive samples 15 alse added o the compressive
samples betore quantization.

InFIG. 3(¢), each CM sends 15 compressive samples, each
encoded with 64 bits. lgnoring the losses ol communication
overheads and gains ol coding schemes, this cquales approxi-
mately 1000 bitsiCM Tor nine CM's. FICG. 3{d) shows the
results when the compressive samples L 100 with 1 bit quan-

Tization (zero crossing) are nsed. The total communication 2

load in this case is 100 bits/CM. When the number ol com-
pressive samples 1s [urther deercased [rom 1 =30—=10 with
the same 1 bit quantization, corresponding to 30 bits/Ch—10
bits/CM, it is observed a gracetul decrease in the accuracy of
bearing estimation and a moderate increase in the clutter.
liven with the clutler. the resulls ol the compressive wircless
array are quile uselul since a random sampling conscnsus
(RANSAC) to approach can be used 1o traclk the targets.
4.2, Nulling Capabilities

The presented method has the capability of nulling 2 jam-
moer and delecting a lower powoer largel ol interest in the
presence ol jammer. When the relative amplitudes ol the
Jammer and the target are big, it is expected that the method
according to the present disclosure only peaks the jammer

and [inds its bearing. When the jammer is nulled by removing 3

the columns of W, around the jammer angle, the lower power
Largel of interest 1s capable ol being delected. PIGSE. 4(a) and
4(5) show beamforming results for the method according to
the present disclosure before and atter nulling the jammer,
respectively. Two while noise sources which have a power
ratio ol five are put al 70° and 307 degrees. The high power
source at 70° is called the jammer.

The result without oulling the jammer only shows the
Jammerin the solution. When the 2 degrees is nulled around
the jammer in the solution according Lo the present disclosure.
the sceond resull is oblained, where the source al 30 degrees
comes out clearly. The experiments are repeated 100 times
with new sources at each trial and the results are shown in
I"I(7. 4.

4.3, Random Deployment Resulls

To demonstrate the immediate perlormance gains with the
compressive wireless arrays, vehicle drive-by data was col-
lected for six wehicles using a single microphone with
I’ =4800 [ 1. "The vehicles and their relevant respective rool-

mean-squared (RMS) powers [or the plots in this scelion are 5

1) Nissan Frontier (4.33), 2) Chevy Impala (4.33), 3) Chevy
Camaro (4.03), 4) Isuzu Rodeo (2.84), 5) Vollkswagen Passat
(3.11), and &) Honda Accord (4.60).

Aperture Gains: o show the aperture gains from the com-
pressive wircless arrays, three scenarios were simulated illus-
trated in FIGS. 5(a¢)-(c). In FIGS. S(a)-(c), nine CMs were
used and randomly deployed in 1x1 m”, 2x2 m?, and 5x5 m?
aperture. and then added an RM at the cenler. 0.5 seconds ol
the vehicle data was then used Tor vehicles 2 and {6 and the
array dala was simulated by placing the sources at 207 and 307
(both at 40 m) range by properly delaving each acouvstic
source by its distance to the microphones (¢ 340 w/s). By
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vsing L. 15 compressive samples, the sparse 0 for 100 inde-
pendent Monle Carlo runs was delermined, where the indi-
vidual CM positions vary. The average of the runs was then
plotied. which creales illustrative histograms scen in UGS,
S{a)-(¢). Inthe figures, it is also shown when the estimation is
done with 1 bit quantization. Similar to the previous section,
a zero Mean Gaussian noise with standard deviation 10 dB
below the power of the compressive samples 1s also added 1o
the compressive samples belore quantization.

I is elear thal as the aperlure sive increases with the same
nuber of sensors, the bearing resolution of the arravs
increase, allowing the two targets 1o be separated. This sepa-
ration is even clear, when only 1 bit is used for each compres-
sive sample in spite ol the additional cluller. Sinece the com-
pressive wireless arrays are by design unlethered, a random
deployment stralegy can be used Lo distribute them over larger
apertures than the ones conventionally used for UGS’ es.
Hence, they are envisioned to perform better than conven-
tional tethered arravs. Finally, it is also interesting, to note that
the height of the histograms in UIGE. 5(8)-(¢). which give
clues about the relative source RMS powers 4.33 and 4.60,
respectively. Also, their shape resembles the Laplacian dis-
trilution as opposed to the Ganssian distribution.

Multiple Scource Localization: To demonstrate the steering
capabilitics of the [ormulation. three scenarios were simu-
lated which are llustrated in VIGR. 5{d)-(1), where the total
nuber of targets is varied from 3 to 3 (all at 40 m range). In
FIGS. 8(c)-(f), target configurations {#1. #3, #5), {#1,#3, #4,
3k, and {102, 43, 84,15} were used, respectively. and plot
the 8 histograms lor 100 independent Monte Carlo realiva-
tions of the random sensor deployment on a 5x5 m” aperiure
with L 15. The target bearings are given by {20°, 359, 50°,
60°, 80°}, respectively. Similar 1o the previous section, a zero
mean Gaussian noisewith standard deviation 10:dB3 below the
power ol the compressive samples is also added to the com-
pressive samples belore quantization. As the number of tar-
gets increase, there i3 a gradval increase in clutter peaks;
however, the results are still encouraging even at 5 targets that
are close in bearing. The height ol the histograms scems o be
related 1o the relative source RMS powoers.

The technology according 1o the present disclosure is
expected to find significant demand in wireless bearing esti-
mation, acoustic sensor networks, and remote sensing appli-
cations. Other arcas include radar and deflense industrics.

5. Conclusions

The feasibility of a wireless acoustic array is demonstrated
to estimate multiple source bearings by passing quantized
compressive sensing data among the sensors. In the solulion
deseribed herein, the sparsity of the sources is exploited in the
angle domain and their sparsity patllern is oblained. which
determines the number of targets and their corresponding
bearings. Since the compressive samples are the minimum
number of data samples required (o reconstruct the bearing
veelor in the angle domain. the approach according (o the
present disclosure uses minimum possible communication
bandwidth among the sensors. It is also shown herein there is
a significant redundancy in the individual data of the sensors
for the acoustic bearing cstimation problem. This is accom-
plished by demonstrating that the wireless array scheme
described herein is quite robust against noise in the compres-
sive samples and can even operate when only the zero cross-
ing inlormation ol the compressive samples is passed, which
cannol be used Lo recover the data of the sensors.

All computations deseribed herein are perlormed by al
least one processor which can be provided within one or more
of'the sensors and/or one or more computing devices, such as
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a personal computer, handheld computing device, PDA ete.,
and in operalive communication with the sensors.

The deseribed embodiments ol the present disclosure are
intended (o be iMustrative rather than resiriclive, and are not
itended to represent every embodiment of the present dis-
closure. Various modifications and variations can be made
withoul departing [rom the spirit or scope ol the disclosure as
sel forth in the fellowing claims both literally and in equiva-
lents recognized in law,

What is claimed is:

1. A method lor bearing estimation ol mulliple acouslic
sources, said method comprising:

providing a wireless sensor array having a plurality of

sensors capable of communicating with each other via a
communication channel;

lorming an array sleering matrix [or muliiple sparse

sources in an angle domain for bearing cslimation.
wherein each of the multiple sparse sources corresponds
to a respective acoustic source of the multiple acoustic
sources; and

caleulating multiple targel bearings corresponding o the

multiple acoustic sources using random projections of
signals within the wireless sensor array and correspond-
ing to the multiple sparse sources, wherein said signals
are sensed by the plurality ol sensors of the wircless
array.

2. The method according to claim 1, wherein the random
projections of the sighals constitite compressive samples of
the multiple targel bearings.

3. "The method according o claim 1. wherein the random
projections ol the signals [rom the multiple sensors are used
1o caleulate the multiple target bearings without any auxiliary
signal reconstruction of the signhals.

4. The method according o claim 1, wherein the location ol 3

cach ol said plurality ol sensors is known a priori.

5. The method according Lo claim 1. wherein the plurality
of sensors are located on a ground plane,

6. The method according, to claim 1, further comprising
ubtaining recovery ol the multiple sparse sources [rom under-
sampled data by using a Nyquist-Shannon sampling theorem.

7. The method according 1o claim 1, further comprising:

modeling the multiple target bearings as a sparse vector in

the angle domain; and

applying a polynomial time sparse recovery algorithm (o 4

combinatorial oplimization problem (o oblain multiple
source bearings corresponding to the multiple acoustic
sources.

8. The method according 1o claim 1, wherein the commu-
nication channel is under bandwidth constraints.

9. The method according 1o claim 1, wherein one sensor ol
the plurality of sensors acquires a reference signal and the
other sensors of the plurality of sensors perform compressive
sensing.
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10. The method according 1o claim 9, wherein the sensor
acquires the reference signal al a Nyquist sampling rate.

11. "The method according o claim 9, [urther comprising
relating the compressive sensing measurements of the other
sensors as a linear function of a vector of discretized angles
spanning the angle domain.

12. The method according Lo claim 1. wherein the commu-
nication channel is a wireless communication channe].

13. A svetem for bearing estimation of multiple acoustic
sources. said syslem comprising:

a4 wircless sensor array having a pluralily ol sensors

capable of communicating with each other via a com-
munication channel;

means for [borming an array steering maltrix [or multiple

sparse sources in an angle domain [or bearing eslima-
tion, wherein cach of the mulliple sparse sources corre-
sponds 10 a regpective acoustic source of the multiple
acoUstic sources; and

means [or caleulating multiple targel bearings correspond-

ing 1o the multiple acoustic sources using random pro-
jeetions ol signals within the wireless array and corre-
sponding 1o the multiple sparse sources, wherein said
signals are sensed by the plurality of sensors of the
wircloss array.

14."The system according Lo claim 13, wherein the localion
of each of said plurality of sensors is known a prior.

15. The system according 1o ¢laim 13, wherein the plurality
of sensors are located on a ground plane.

16. The system according 1o claim 13, further comprising
means [or oblaining recovery ol the mulliple sparse sources
from under-sampled data by nsing a Nyquist-Shannon sam-
pling theorem.

17. The system according (o claim 13. [urther comprising:

means [or modeling the multiple target bearings as a sparse

veelor in the angle domain: and

means for applving a polynomial time sparse recovery

algorithn to a combinatorial optimization problem 1o
oblain mulliple source bearings corresponding o the
mulliple acousiic sources.

18. The syvstem according 1o claim 13, wherein the com-
munication channel is under bandwidth constraints.

19. The system according 1o claim 13, wherein one sensor
ol the plurality ol sensors acquires a reference signal and the
other sensors ol the plurality ol sensors perform compressive
sensing.

20. The system according to claim 19, wherein the sensor
acquires the reference signal al a Nyquist sampling rate.

21. The system according 1o claim 19, further comprising
relaling the compressive sensing measurements of the other
sensors as a linear function of a vector of discretized angles
spanning the angle domain.

22 The system according o claim 13, wherein the com-
munication channel is a wircless communication chamel.



