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1 Oz

Bu projede sinyallerin gézlem bélgesine gelig acilarinin kestirilmesi problemi
tzerinde durulmustur. Duyargac dizileri vasitasiyla elde edilen gozlemlerin
farkl: glivenirlige sahip duyargaclardan geldigi durumlarda duyargaclar kalint:
hata karelerinin tersleri kullanilarak agirliklandirilmigtir. Bu sekilde agirliklan-
dirmanin gelig agilarinin kestirimlerinin daha saglikli olmasina yol actig: sap-
tanmgtir. Ikinci olarak elde edilen orneklerin zamanda fark: kesinliklere
sahip olmas: durumu incelenmis, zamanda uygun sekilde secilmig dogrusal
olmayan agirliklandirmanin Gauss olmayan giirilti tiplerinde daha iyi sonug
verdigi goriilmistir. Cauchy glriltisi igin gesitli benzetimler yapilmistir.
Son olarak bu yontemlerin gezgin iletigsim uygulamalarindaki potansiyeli aragtirilmig
ve terminallerden gelen sinyallerin gelis acilarinin kestirilmesinin bit hata
oraninda bir miktar azalmaya yol actig: gorulmustir. Gezgin iletisim alaninin
giincelligi yontinden bu alanda daha fazla aragtirma yapilmas: gerekmektedir.

Anahtar sozcikler: Gelis agisi, duyargag dizisi, dayanikl kestirim, gezgin
iletigim




2 Giris

Gelig acis1 probleminde amag, gelis agilarini barindiran parametre vektorint
gozlemlenen ornekleri eniyi ifade edecek gekilde segmektir. Seksenli yillarda
gelis-agis1 (GA) kestiriminde agirhk yiksek ¢ozunirhikli yontemlerin gelistiril-
mesine verildi. Enbiyik olabilirlik [1, 2], dogrusal dngérd [3] ve altuzay
ayristirma [4, 5, 6] yontemleri geleneksel 1g1ma (beamforming) yonteminin
yetersiz kaldigi durumlarda birbirine yakin kaynaklarin ayirt edilmesini sagla-

dilar.

Ne var ki bu yiksek ¢ozinirlikli yontemlerin gercek hayattaki uygu-
lamalar1, duyargac dizisi ve gliriltl istatistiklerindeki belirsizliklere gok du-
yarli olmalarindan dolay: sinirh kalmigtir. Sonar uygulamalarinda sudaki dal-
galanmalar, radarda hava degisimleri veya pargalarin eskimesi gibi olgularin
varsayilan modelden sapmalara neden olduguna tanik olunmusgtur. Dahas:
birgok uygulamada duyargag parametreleri kismen bilinmektedir: Bir du-
yargag dizisi gemi tarafindan cekilirken egilebilir, tek tek duyargaglar hareket
halindeki helikopterlerden diigiirtilebilir veya bir ugagin kanatlarina yerlestirilen
duyargac dizisi manevra sirasinda bikilebilir. Yiksek ¢oztintirlikli yontemlerin
basarimlarinin bu gibi belirsizliklerden ¢ok etkileniyor olmas: dayanikl yiksek
cozintrliklii yontemlere gereksinim duyulmasina neden oldu. Doktora galigma-
muzin son déneminde bu tiirden dayanikl gelig-acisi kestirim yontemleri izerinde
durmustuk. TUBITAK EEEAG-AY10 projesi gercevesinde ise bu yontemlerin
bagka alanlara uygulanmasi, genellegtirilmesi ve farkl: ortamlarda denenmesi
lzerinde caligmalar yaptik.

3 Proje Siiresinde Yapilan Calismalar

Projemiz 15 Aralik 1994 — 15 Haziran 1995 arasindaki 6 aylik donemi kap-
samaktadir.

Enkiiciik kareler yontemi hem bagimsiz 6zdesce dagilmig Gauss siiregleri
icin enbiyik olabilirlik ¢oziimlne denk ¢ozim trettigi hem de eniyileme
probleminin iglemsel karmagikligini azaltabilecek 6zelliklere sahip olmasindan
dolay tercih edilir[1, 2]. Ancak bu yontem tiim duyargaclardan ve/veya her-
hangi bir anda gelen verileri esit degerlendirmektedir. Duyargaglar ve/veya




zaman ornekleri arasinda guvenirlik farkhiligi oldugunda bunun goézonune

alinarak agirliklandirilmalar: dogaldir. Bu aragtirmada gesitli agirliklandirma

yontemleri geligtirilip ve agirhklandirmanin kestirilen gelis agilarina etkileri

aragtirilmistir. Tki grup belirsizlik tizerinde durulmustur: Duyargag Agirliklan-
dirmas: ve Guriilti dagilimindaki belirsizliklere dayanikli yontemler.

3.1 Duyargac Agirhklandirmasi

Pratikte duyargaclarin karakteristikleri aralarindaki farkliliklar siklikla bil-
inmediginden veya zamanla degigebilmelerinden agirliklandirilmig enkiciik
kareler yontemi dogrudan kullanilamaz. Agirlik matrisinin de gozlemlenen
orneklerden hesaplanmasi gerekir. Doktora tezimde konum bilgisinde belir-
sizlikler olan duyargacglardan elde edilen sinyallerin dogru modellenmis olan
duyargaglardan elde edilen sinyallerden farkl istatistiksel ozelliklere sahip
olacagi noktasindan hareket ederek daha az givenilir olan duyargaglarin
tespit edilmesiicin bir yontem geligtirmigtik [7]. Proje déneminde bu yontemi
duyargag konumlari yaninda faz ve genliklerindeki belirsizlikleri de igerecek
sekilde genellestirdik. Elde ettigimiz sonuglar Journal of the Franklin Insti-
tute dergisine sunduk [8]. Makalemizin kabul edildigine dair mektup iligiktedir.
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3.2 Giurialti Dagilimindaki Belirsizliklere Dayanikh
Yontemler

Yine doktora galismamiz sirasinda Gauss glriltist istatistiklerindeki degigim-
lere dayanikli bir yontem gelistirmistik. Sézkonusu yontemde karesel hata
yerine karesel hatanin dogrusal olmayan bir islevi kullanilmaktaydi[9]. Proje
déneminde bu yontemi Gauss olmayan Kiresel Degigsmez (Spherically In-
variant) ve a-kararli (a-stable) giriltd tipi olan Cauchy girtltisu altinda
degisik dogrusal olmayan iglevlerle benzetim yoluyla denedik. Bagarimlarin
Enkiiciik Kareler yonteminin basarimi ile kargilagtirdik. Uygun dogrusal ol-
mayan islev secildiginde onerilen yontemin gok daha saglikli sonuglar verdigi
gorditk. Bu galigmamizin sonuglarim ise 20-22 Haziran tarihleri arasinda
Yunanistan’in Halkidiki yarimadasinda diizenlenecek olan 1995 IEEE Work-
shop on Nonlinear Signal and Image Processing Galistayinda sunacagiz. ”Ro-
bust Modeling of Multivariate Signals by Iteratively Reweighted Nonlinear
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Least Squares” baghkli bildirinin bir kopyas: ilisikte sunulmugtur[10]. Bu
bildirinin ilk bolimiinde anlatilan iterativ yontemi 23-26 Mayis 1995 tar-
ihleri arasinda duzenlenen Deniz Kuvvetleri Komutanhgy II. Teknik Sem-
pozyumunda “Nokta Kaynaklarin Konumlarinin Almag Dizileri ile Saptan-

mas1” baghkli bir bildiri ile sunduk. Bu bildiri de iligiktedir [11].

3.3 Gelistirilen Yontemlerin Baska Alanlara Uygu-
lanmasi

Projemizde dnerilen bagka bir husus ise bu dayanikh gelis-acisi kestirim yontem-
lerinin radar ve sonardan baska alanlara da uygulanmasiydi. Gelig-agis:
kestirim yontemleri ozellikle gezgin (mobile) iletigimde uygulama bulmaya
basladi. Gezgin (Mobile) iletisimde kullanici terminaller ana istasyon tizerinden
diger kullanicilara ulasirlar. Ana istasyon kullanicilara o tlkede kullanilan
standarda gore Zamami, Siklgr veya kullamlan Kodu paylagtirir. Tirkiye’de
kullanilan GSM standardinda Zaman Paylasiml Coklu Erigim ve Siklik Paylasimh
Cogullama bir arada kullanilmaktadir. Boylece birden fazla kullanicinin aym
zaman diliminde aym sikligi kullanmas: 6nlenmektedir [12]. Burada dikkati
ceken zaman ve siklik tizerinde bélisiim yapilmugken kullanicilarin konum-
larinin gozoniine alinmadigidir. Halbuki kullanic: terminallerin ana istasyona
gore yeri bilinse sayisal sinyal igleme teknikleri kullanilarak, terminalin bu-
lundugu bdlgeden gelen sinyaller segilip diger yonlerden gelenler bastirilabilir.
Béyle bir yaklasimin hem gelen sinyallerin daha az hata ile kestirilebilme-
sine olanak tamyip hem de belli bir iletigim hiicresi icinde daha fazla kul-
laniciya hizmet sunabilecegi agiktir. Bu nedenle kullamci terminallerin ana
istasyona gore yonlerini saptayacak gelig-agisy kestirim yontemlerinin gezgin
iletisimdeki potansiyeli biiyliktir. Bu projede terminal sinyallerinin yonlerini
tesbit edebilecek gelig-agis1 kestirim yontemleri geligtirilmis, kestirilen gelis-
acilart da kullanildiginda elde edilen bit hata orani gelis-agilarinin kestir-
ilmedigi durum ile karsilagbirilmigtir. Yaptigumz galigmalar gelig-acilarinin
kestirilmesinin bit hata oraminda bir miktar azalmaya yol agtigini fakat asil
kazancin gonderilen sinyallerinin sonlu alfabeden elde edilmig olmasindan
geldigini tespit ettik. Bu on arastirmamizin sonuglarini 26-30 Haziran 1995
tarihleri arasinda Yunanistan’in Girit adasinda yapilacak olan COMCON 5
Advances in Commaunications and Control konferansinda sunacagiz. “Ro-
bust Signal Estimation for Mobile Communication Systems Using Antenna
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Arrays” baglikli bildirinin 6zeti iligikte sunulmustur[14]. Aslimn Eylal 1995
ay1 icerisinde Los Angeles, Kaliforniya’daki konferans biirosuna gonderilmesi
gerekmektedir. Gelig-acisi kestirim yontemlerinin gezgin iletigimdeki uygula-
malar: tizerinde daha fazla durulmas: gerektigine inaniyoruz. Nitekim Mayis
1995 ayinda katildigimiz ICASSP’95 konferansinda da bu konuyla ilgili cesitli
oturumlar diizenlenmisti. Bu konuda ileride yapmay1 planladigimiz caligmalarin
ilkemnize hem bilimsel hem de ekonomik katkilar: olacagini distiniyoruz.

3.4 Proje Doneminde Yapilan Diger Calismalar

Proje doneminde renkli imge igleme [14-16], EKG sinyallerinin kodlanmas:
[17] ve s6z tamima [19] konularinda ¢aligmalar ve gesitli yayimnlar yaptik. Proje
ile dogrudan ilgili olmamasindan dolay: kopyalar: eklenmemigtir.

4 Sonuglar

Bu projede onerdigimiz caligmalar: gerceklegtirdik. Zamanda ve uzayda
sirasiyla zaman orneklerini ve duyargaglar: agirliklandirmak gelis agilarinin
kestirimlerini iyilestirdi. Proje kapsaminda yurtdigi ve yurtici konferans
bildirileri ve bir yurtdigi dergi makalesi hazirladik. Gezgin iletisimdeki aragtir-
maya devam edilmesi ekonomik ve bilimsel potansiyeli yoniinden devam edil-

mesi gerektigini diigiiniyoruz. Bu gergevede yapacagimiz calismalara Bogazici
Umvermtem Ara,gtlrma, Fonu kismi destek saglayacaktir. TUBITAK’ tan ek
destek alabﬂmeyl umuyoruz




Table 1: Butce Ozeti

Satin alinan ekipman Fiyat: (TL)
(KDV dahil)

Viewsonic 17in renkli bilgisayar monitoru 62,059,715

R

Transceiver 4,461,160
Ethernet Kart:1 (BNC) 2,974,107
[ TOPLAM | 69,494,983 |

5 Projenin Bitgesi

Bu projenin gerceklstiribilmesiigin TUBITAK tarafindan 75,000,000.- (yetmisbes
milyon) TL. destek saglanmgtir. Tami techizat kaleminden yapilan harca-
malar yukaridaki tabloda verilmistir.
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DIRECTION-OF-ARRIVAL ESTIMATION IN THE
PRESENCE OF SENSOR MODEL ERRORS

Yasemin Yardimeit and James A. Cadzou?

'Department of Electrical and Electronics Engineering, Bogazici University, Istanbul, Turkey

?Department of Electrical Engineering, Vanderbilt University, Nashville, TN, U.S.A.

ABSTRACT

The effect of modeling errors on the sensor output signals is analyzed and the distribution of the
residual errors in the presence and absence of modeling errors is determined. Both conditional
and unconditional models for source amplitudes currently in use are considered. A new test for
determining an aberrant sensor is introduced. The test is incorporated in an iterative procedure
where each iteration consists of a step of direction-of-arrival(DOA) estimation followed by a test
for the presence of any aberrant sensors. The estimates of DOAs obtained through this iterative

scheme are compared to those of other currently available algorithms.

1 INTRODUCTION

During the last decade, research on Direction-of-Arrival (DOA) estimation has been dominated
by the development of the high resolution direction finding algorithms. [1, 2] Maximum likelihood
13, 4, 5, 6], linear prediction [7, 8] and subspace decomposition [9, 10, 11, 12, 13, 14] algorithms
overcome some of the difficulties inherent in conventional beamforming. In particular, they are

effective in resolving closely spaced radiating sources.
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Unfortunately, the performance of these high resolution algorithms deteriorates rapidly when
knowledge of the array sensor parameters such as gains, phases and locations is imprecise. Such
deviations from the nominal model can arise from aging of components, thermal or other un-
controlled effects like water waves in sonar signal processing or weather changes in radar signal
processing. Moreover, in many applications the sensor locations may not be precisely known, e.g.
an array of hydrophone sensors towed by a ship or an antenna array located on the wings of an
aircraft may be deformed due to changes in speed or direction of the vessel. Various techniques

have been proposed to compensate for such uncertainties [15-23].

The notion of “small” perturbations of the sensor parameters is common to many currently
available robust direction finding algorithms. Large perturbations typically lead an iterative opti-
mization algorithm to a poor minimum and hence give rise to biased DOA estimates. Furthermore,
first-order model approximations to the array manifold and the corresponding signal and noise
subspaces are no longer valid. Clearly, a direction finding method that is valid for large as well as
small perturbations of the sensor locations is highly desirable. Such an algorithm is described in

this paper.

The “peeling” algorithm herein described is an iterative procedure where each iteration consists
of a step of DOA estimation followed by a test for the presence of sensors with large residual errors.
If such sensors are found, the one with the largest sum-of-squares of the residuals is removed if
it exceeds a predetermined threshold. This threshold is obtained by utilizing the distributional

properties of squared residuals and is provided in this paper.

The iterative peeling algorithm does not require disjoint sources (i.e., signals separable in time
or frequency) nor does it require auxiliary sources for operation. It has been tested with coherent
and incoherent sources at different signal-to-noise ratios and has demonstrated robust performance.
Coherency does not pose a problem provided that the DOA estimation algorithm used in each
iteration is able to resolve coherent signals. Moreover, it is not restricted to any particular array

geometry.




2 MATHEMATICAL MODEL

We shall now develop a mathematical model for the standard DOA problem in which there are q
narrowband plane waves impinging on an arbitrary array composed of p sensors. These sensors

are located at the points z, 2, ..., 2, in the real three dimensional space. The signal generated

Zp
at the output of the k" sensor due to the i** plane wave is described by
zi(t) = ok s(8;, 25)" ai(t) + wi(t) (1)

for k=1,2,...,p i=1,2,.,q¢ and t=1,2,.,N.

In this expression!, a4 is the (complex) gain of the k" sensor and 8, and a; are the unknown
parameters of (real) DOAs and (complex) amplitudes, respectively. The gains are selected as
complex numbers so that both the real gain and phase terms can be incorporated. The output
of the kt* sensor zx(t), is the sum of the signal due to the ith source s(0;, 2, )* a;(t) and the noise
wi(t). In the presence of multiple plane waves, the signal generated at the output of the k** sensor

can be obtained through superposition of the individual plane waves so that
zr(t) = ax 58, 2,)" a(t) + wi(?) (2)
where the ¢ x 1 vectors s(, z;) and a(t) are
sT(0,2) = [s(81,2¢) 5(82,2¢) --- (8, 24)] (3)
a’(t) = [ax(t) aa(t) .- ag(t)] (4)

The objective of the classical DOA estimation problem is to estimate the composite DOA vector

§ which is formed by concatenating the DOA vectors corresponding to the individual plane waves

67 = (7 67 ... 67) (5)

“q

In the problem that is treated here, the complex sensor gains ay and the sensor positions z, may
be different from their (nominal) assumed values 2, and & for k = 1,2,...,p. For any sensor

position %, and sensor gain &y, the model (2) can be written as

zp(t) = Gn s(0,2,)" at) + [k s(0, z2) — G 88, 2,) " a(t) + wi(?).

'Tn this paper, s° and s* denote the transpose and complex conjugate transpose of the vector s, respectively.
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If the residual error ex(t) is defined as ex(t) = zx(t) — & s(6, 2)" a(t), it can also be expressed as :ﬁ

en(t) = pa(t) + wilt) © |

where pi(t) = [ok s(0,2x) — ar s(8,2;) " aft) (7)

The contributions of ux(t) and wk(t) to the residual error ex(t) are called modeling errorand sensor
noise, respectively. Clearly, a sufficient condition for the modeling error term to vanish is z;, = 2,

and o = &. More generally, the modeling error will be zero if the actual and nominal sensor

14
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parameters result in identical sensor output samples zx(¢). In what is to follow, the sensor noise
samples are assumed to be from an independent identically distributed (i.i.d.) Gaussian random
process with zero mean and variance o7, (i.e., wg(¢) ~ G(0,07)). In the absence of modeling errors,

the distribution of the residual errors is identical to that of wg(¢). In the presence of modeling

o

errors, however, their distribution is contingent on the characteristics of the amplitudes. Currently,

there are two different types of models for sensor amplitudes in use:

gea

S

e conditional (deterministic) model: The amplitudes a(t) are the same in all realizations. Then

residual error ex(t) is a sample from a temporally uncorrelated Gaussian process with mean

px(t) and variance of, i.e.,
ex(t) ~ G(ux(t), o%)- - (8)

e unconditional (stochastic) model: The amplitudes a(t) are samples of a temporally uncorre-

lated, stationary Gaussian process with zero mean and covariance matrix R,. Furthermore,
they are uncorrelated with the noise samples wy for all ¢. It then follows that the residual

errors ex(t) are samples from a temporally uncorrelated Gaussian process with mean zero
and variance o2 + o}, l.e.,
ex(t) ~ G(0,0; + 0p) (9)
where o) = [ 5(8,zk) — Gk (8, 2) |"Ralok 5(8, zi) — cw s(6, 2;) |
As the modeling errors manifest themselves through the mean of the residual errors for the

conditional model and the variance of the residual errors in the unconditional model, first and
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second order statistics are natural candidates of testing for modeling errors. However, the pervasive
use of zero-mean amplitude signals for the conditional model as well, suggests the utilization of
second or higher order statistics. We will concentrate on second order statistics. In particular, the

normalized sum-of-squares of residuals, r, will play a prominent role.

Theorem 1 Let {ex(1),ex(2),...,ex(N)} be samples from an i.i.d. zero-mean Gaussian process

with variance of. Then

=32 (10)

t=1 Tk

is said to have a x2-distribution with N degrees of freedom, thus v ~ x*(N). Its density function

1s grven by
1 N 4 _r
e 2

fO(T):mrz fOT‘ 0<r<o (11)

and fo(r) =0 forr <0.

Under the null-hypothesis of “no modeling errors,” the normalized sum-of-squares of residuals,
r, has a x2-distribution with N degrees of freedom. If the alternative is true (i.e., modeling errors
are present), the distribution of r is contingent on the choice of model for the amplitudes. We will

examine two different cases.

2.1 Conditional Model

Under the alternative hypothesis, the distribution of the normalized sum-of-squares of residuals

has a non-central x2-distribution with N degrees of freedom for the conditional model.

Theorem 2 Let {ex(1),er(2),...,ex(N)} be samples from an i.i.d. Gaussian process with mean
x(t) and variance of. Then the normalized sum-of-squares of residuals defined in (10) is said to
have a non-central x2-distribution with N degrees of freedom and the noncentrality parameter A,
(thus r ~ x*(N, X))

N
) = Z‘Mk(t)P' (12)

T e
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The density function of r 1s given by

%)%%HHE% for 0 <r< (13)
, or T (9]
T +7)

and fi(r) =0 forr <0.

2.2 Unconditional Model

The distribution of the normalized sum-of-squares of residuals 7 is a “scaled” x?-distribution for

the unconditional model.

Theorem 3 Let {ex(1),ex(2),...,ex(N)} be samples from an i.1i.d. zero-mean Gaussian process
with variance o2 + o}. Then the normalized sum-of-squares of residual errors v defined in (10) has

a density function fi(r) described by

2 2
O Tk
filr) = R fol T+ o7 r) for 0 <r < oo (14)

where f, is defined in (11) and fi(r) =0 for r <0.

2.3  x%-Test

In light of the development above, the normalized sum-of-squares of residuals 7 can be employed

as the test statistic of the y2-Test. To test

H : o > o}
at the a level of significance, reject the null hypothesis if » > v where

l—a= /joo folr) dr. (15)

An example for sampling distributions for standard and scaled x2-distributions with 40 degrees
of freedom is presented in Figure 1. The null hypothesis of “no modeling errors” is rejected when
the test statistic r is greater than the threshold 7. In this case, the level of the test o is selected
as 0.01.
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2.4 Algorithm

The testing procedure described above is predicated on the knowledge of DOAs and the amplitudes
of the input signals. Unfortunately, this information is rarely available. We therefore suggest an
iterative procedure in which each iteration consists of a DOA and amplitude estimation followed
by a testing step. Among the sensors whose normalized sum-of-squares of residuals exceeds the
threshold +y, the sensor with the largest normalized sum-of-squared residuals r is “peeled off” and

another iteration is initiated.

Repeat
Estimate the DOAs
Estimate the amplitudes
For each sensor
Compute rg
if ( max (rg) > )
Peel that sensor

Until  no sensors are peeled

Other possible alternatives to peeling the sensor with the largest sum-of-squared residuals could
be peeling all sensors that are larger than a give threshold after every iteration or trying different
combinations of sensors. The former has the disadvantage that due to the presence of sensors
with large perturbations, the estimates of the amplitudes and the DOAs may be far from their
actual values especially in the first iterations. As a result, even the sum-of-squared residuals of
sensors which do not have large perturbations may be greater than the given threshold. Hence
this procedure typically results in excessive peeling. The latter scheme, on the other hand, may
have overwhelming computational burden when multiple sensors have large perturbations and /or
the total number of sensors is large. In particular, for a case with a total of p sensors in which
an unknown number, p,, have large perturbations, the number of trials to be performed is given
by p! 32t (p — k)! k!t For example, in one of the simulations we had twelve sensors four out

of which had large perturbations. To solve this case, at least 1586 trial runs had to be performed
7




instead of 5 runs with the present method.

3 SIMULATION RESULTS

A Mills-Cross array of twelve sensors whose elements are positioned on the x- and y-axes at
[ —287.5 — 187.5 —87.5 87.5 187.5 287.5 ] feet is considered. The incident plane waves on
this array have 14.85M Hz as their center frequency. The complex valued envelope is generated
from a zero-mean unit variance Gaussian process. The sensor noise is also modeled as a zero-mean
Gaussian process with variance o®. A total of 40 delayed samples of the input signal are obtained
at each sensor. To compare the performance of the “peeling” algorithm with an alternative where
the sensor locations and the DOAs are simultaneously estimated [21], 100 trial runs of of the
peeling algorithm, its alternative and the direct DOA estimation algorithm with no calibration
are performed in the following two cases at different signal-to-noise ratios. The DOA estimation
step of the peeling algorithm employs maximum likelihood DOA estimation with a Gram-Schmidt

orthogonalization [24].

e Case 1: Two incoherent sources with DOAs from 20 and 23 degrees are impinging on the
given array. The location of one the sensors is perturbed by 20 feet from its nominal position,
whereas the positions of the other sensors are perturbed randomly on the x-y plane around
their nominal values with a standard deviation of 0.1 ft. The root mean square (RMS)
errors of the DOA estimates is computed at various signal-to-noise ratios. The results are
presented in Figure 2a. The peeling algorithm achieved a smaller RMS error at all signal-
to-noise ratios in this case. A 3-D plot of the absolute values of the residual errors in a
typical run at 20dB SNR is provided in Figure 2b. The residual errors corresponding to the
sensor with large perturbation are significantly larger than those for other sensors, thereby

indicating a perturbed sensor.

e Case 2: One incident source with DOA of 20 degrees. The locations of four arbitrarily chosen
sensors have been perturbed by over 20 feet, whereas the positions of the other sensors are

perturbed randomly around their nominal values with a standard deviation of 0.1 ft. The
8
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plots of root mean square error versus signal-to-noise ratio for different methods and a 3-D
plot of the absolute values of the residual errors in a typical run at 20dB SNR are provided
in Figure 3. The residual errors corresponding to the third, eighth, ninth and eleventh
sensors are significantly larger than others. The aberration of the third sensor becomes more

pronounced in subsequent iterations.

4 CONCLUSIONS

A new technique for DOA estimation under sensor model errors is developed. Its main advan-
tage over the currently available methods is its ability to cope with large perturbations in the
sensor parameters. The testing procedure described here may also be utilized by the existing self-
calibrating algorithms to test for their assumption of small perturbations. Moreover the robust
estimates of DOA obtained through the peeling algorithm may be used to obtain reliable estimates

of the actual sensor locations.
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ABSTRACT — A parameter estimation
method based on Iteratively Reweighted Non-
linear Least Squares is developed. In the pres-
ence nongaussian noise or modeling errors on
the sensor characteristics, it demonstrated su-
perior performance compared to the Standard
LSE method with appropriately selected non-
linear weighting functions and weighting ma-
trices. The computational complexity of the
new method is only marginally higher than the
standard LSE method.

1 Introduction

In recent years, there has been greater interest in
robust methods for array signal processing. To a
great extent, this is due to severe degradation in
performance of the “high resolution” algorithms
in the presence of modeling errors. Such devia-
tions from the nominal model can arise from ag-
ing of components, thermal or other uncontrolled
effects like water waves in sonar signal processing
or weather changes in radar signal processing. In
this paper, we describe a robust method for mod-
eling multivariate signals obtained through an ar-
ray of sensors.

2 Signal Model and Robust Parameter
Estimation

We assume the observed signals are composed of
a linear combination of “basis signals” which are
characterized by a set of parameters, and additive
noise. In the presence of m such basis signals
5;(8;) for i = 1,2,...,m each depending on the
parameter vector §,, the px 1 array output signal
d(t) is given by

d(t) = Y ai(t)si8) + w). (1)

1

= S(B)alt) + w(1). (2)

-
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where a;(t) is the coefficient of the i** basis vec-
tor, and w(t) is an additive complex noise vector
at time ¢. The equivalent but more compact form
(2) uses the p X m composite basis matrix S(8)
whose columns correspond to the individual basis
vectors, and the m x 1 coeflicient vector a(t) and
the composite parameter vector § which are given

by
at) = [ay(t) as(t) ... am(t)]” (3)

and
0 = [67 67 ... 05]" (4)

The objective is to select the desired unknown pa-
rameter vector § and the amplitude set {a(tn)} so
that linear combination of the basis vectors best
represents the N time samples of the observed
data set , {d(t,)}forn = 1,2,..., N. By employ-
ing the least squared error criterion, this leads to
minimization the nonlinear functional

N

o(8,{a(ta)}) = D lld(tn) ~ S(B)alta)l]*  (5)

k=n

with respect to the unknown parameter vector @
and {a(t,)}forn =1,2,..., N. The pervasive use
of the LSE criterion is justified by its applicabil-
ity to different modeling problems, its reasonable
computational complexity and last but not least
its effectiveness in Gaussian noise environments.
Unfortunately, its performance degrades severely
under nongaussian or nonstationary noise. It is
also sensitive to deviations from design parame-
ters, parameters which are assumed to be known
precisely, but many times are either imprecise or
change through the course of operation. To de-
velop a robust method, we introduce the general-
ized weighted squared error criterion as

N
fa(t),8) = D ¥(r(tn)) (6)

where 9(.) is a nonlinear weighting function de-
fined on the positive real axis with argument as




the weighted squared error r, so that

) = (1) 5(0) 1) W (1) =5(0) (1)
and W is a conjugate symmetric positive definite
weighting matrix. In general, the minimization
of (6) with respect to the unknown parameters
is a highly nonlinear optimization problem with
no closed form solution hence leads us to employ
nonlinear programming techniques. Nonlinear
programming techniques, on the other hand, may
be very time-consuming especially when there
are many parameters to be estimated. Differ-
entiation of (6) with respect to the amplitudes
{a(tn)} for n = 1,2,..., N reveils that the opti-
mum amplitudes are given by

a’(tn) = [S*(O) W S(0)]7" $7(6) W d(tn) (8)

for a given parameter vector §. Substituting this
choice of amplitudes in (6) the resulting nonlin-
ear mimization problem is to be performed with
respect to the unknown parameter vector § only.
The weighting matrix W in the expression of
the generalized weighted squared error criterion
(6) enables the user to emphasize certain ele-
ments of the observed vectors whereas the nonlin-
ear weighting function % is instrumental in em-
phasizing certain samples in time. To achieve
robustness with respect to mnoise distributions
with longer tails than the Gaussian, 1 could be
selected as a nonlinear function bounded from
above [1]. The choice of the weighting matrix
W can be either made beforehand by using a
priori information on the sensor model errors
such as the variances of the perturbations on in-
dividual sensors. However our method has the
added advantage of enabling the user to deter-
mine the weighting matrix W during the exe-
cution of the optimization by employing an “it-
erative reweighting scheme.” We will examine
the strength of our Iteratively Reweighted Nonlin-
ear Least Squares (IRNLS) algorithm with differ-
ent weighting schemes for the direction-of-arrival
(DOA) problem in this paper.

3 TIterative Reweighting Scheme

Descent-type nonlinear optimization schemes are
based on incrementally perturbing the unknown
DOA parameter vector 8 so that the criterion
takes lower values at each iteration. Specifically,
at the k% step, the current parameter vector g,
is perturbed to obtain

Ok = Or + & (9)

where §; is the perturbation vector which is cho-
sen in such a way that a decrease in the criterion

f(8ry1) < f(8y) results. Detailed expressions for
the perturbation vector are given in [2]. Here we
are going to introduce an iterative algorithm simi-
lar to the peeling algorithm described in [3] in the
sense that every iteration consists of two steps:
a step of DOA estimation with a predetermined
weighting matrix followed by a weighting matrix
estimation for the next DOA estimation step. We
selected the weighting matrix as a diagonal ma-
trix where its diagonal elements are given by the
inverses of the sum-of-squared residuals. With
this choice, the sensors are weighted in a fash-
ion inversely proportional to their residual error
variances. Furthermore, the weighting matrix is
guaranteed to be positive definite, a desired prop-
erty to achieve the relative minimum of a squared
error criterion.

In our algorithm the weighting matrix W may
be unknown. At the kP stage, the current esti-
mate of the DOA vector and the weighting matrix
W are denoted by g, and Wy, respectively. When
the amplitude vectors a(t,) are estimated as

ag(tn) = (S(0)" Wi S(6,))7" S(0r)* Wi 4(1(&,,,),)
10
the criterion (6) takes the form

N
F(8) = Y _(d(tn) Wid(tn) ~d(tn) Wi P(8;) d(tn))

n=1
(11)
where

P(0;) = S(0;) (S(6)* Wk S(65))7" S(8x)" Wi is
the projection operator whose range space is the
same as that of S(f,). Next, the DOA vector is
perturbed as

Opir =0+ by (12)
so that an improvement in the criterion (11) is
obtained. The stepsize parameter « is introduced
to enable us take steps of variable sizes to ensure
improvement in the value of the criterion. With
the new estimate of the DOA parameter vector
011, the residual error vectors are computed as

e(tn) = (I = P(0gyq)) d(tn) for n=1,2,...,N.
_ (13)
The estimate of the %" diagonal element of the

weighting matrix, wy;, is selected as the inverse
of the sum-of-squared residuals for the i** sensor

so that
.y
Sy lei(tn)]?

where e;(t,) is the ith element of ¢(t,). This it-
erative procedure is continued until convergence.

wy; = for 1=1,2,...,p. (14)




The initial estimates of DOA parameter vectors
are obtained through the Sequential Orthogo-
nal Projection algorithm (2] and Gauss-Newton
method is employed to determine the perturba-
tion directions for the DOA estimates. Descent
methods like Gauss-Newton may converge to an
inferior minimum when the initial estimates are
not in the convex hull of the criterion to be min-
imized. A descent method minimizing the modi-
fied criterion (11) with the varying weighting ma-
trix Wy is even more susceptible to convergence
to a local minimum. We had to take some pre-
cautions to minimize this effect.

As the estimates of the DOAs converge to their
actual values, the residual errors decrease hence
the diagonal elements of the weighting matrix in-
crease. We normalized the weighting matrix to
have trace p, the number of sensors, after every
iteration so that scaling of the weighting matrix
does not result in premature stopping of the it-
erations. The initial estimate of the matrix is
selected as the identity matrix.

A possible problem of this two step estimation
procedure is the potential vicious circle between
the DOA and the weighting matrix estimation
steps. During the course of iterations, the cur-
rent estimate of the DOAs may be very much in
accordance with the data obtained through one of
the sensors. As the residual errors for that sensor
will be smaller than the others, its weight at the
next stage will be higher. With a high weight, the
next estimate of the DOA will be even more in
accordance with the data from that sensor which
will further increase its weight and so on. In the
end, the estimate may be calculated by taking ac-
count the data from only one of the sensors. To
contain this effect, we limited the weight a sensor
may have. One scheme that worked well for our
case is to set the weight for the 5** sensor wy;

> medlf,n(ri)

else

1
wi; = { "4 (15)
median(r;)

We also estimated the weighting matrix with
the absolute residuals rather than squared val-
ues for comparison. It did not demonstrate a
robust performance in the sense that its perfor-
mance varied in scenarios with different DOAs.

The iterative weighting scheme is effective
when there are deviations from the design param-
eters of the sensors such as their locations, gains
and phases. It is also effective in cases in which
noise variances on individual sensors vary.

4 Effect of Nonlinear Weighting

The method of Least Squares is known to be iden-
tical to the method of Maximum Likelihood (ML)
in the presence of independent identically dis-
tributed Gaussian noise. Its performance is sig-
nificantly inferior to that of maximum likelihood
in the presence of nongaussian noise. This sug-
gests the use of the maximum likelihood method
whenever feasible. The maximum likelihood so-
lution, however may not have the computational
advantages of the method of Least Squares for an
arbitrary distribution. The optimum amplitudes
are given by

a(tn) = [S™(O) W 5(0)] " S*(8) W™ d(ta) (16)

for the class of distributions for which regres-
sion problems have linear solutions. This class
is shown to be the class of elliptically symmetric
distributions [5]. The distributions are typified by
probability density functions which are functions
of the squared error 7(t,),

r(tn) = (d(tn)—5(8) a(tn)) W (d(tn)-5(8) &(zfrf}(_))
It is straightforward to show that for the class
of elliptically symmetric distributions, the max-
imum likelihood solution is identical to (6) for
some nonlinear function 1 [6].

5 Simulation Results

A Mill-Cross array of twelve sensors is comnsid-
ered. The following experiments were performed
for two incoherent sources with center frequency
14.85MHz and directions-of-arrival from 21° and
25° degrees.

Experiment I: Sensor Positions are in Error
To demonstrate the strength of the algorithm for
a scenario in which sensor positions are in error,
the sensors are perturbed randomly according to
a Gaussian distribution around their nominal val-
ues. The standard deviation of the perturbations
of the sensor locations at the four ends of the
Mills-Cross array are ten times the others. Hun-
dred trial runs are performed for sensor signals
embedded in Gaussian noise at signal-to-noise ra-
tios from 0dB to 50dB in steps of 10dB. To com-
pare the performance of the proposed weighting
schemes with other methods the results for a)
Standard LSE method [2], b) DOA estimation
with calibration of the sensor geometry [4], c)
IRNLS - weighting with inverses of the squared
residuals and d) IRNLS - weighting with inverses
of the absolute residuals are depicted in Figure 1.
In this figure the Root Mean Square (RMS) er-
rors in the DOA estimates versus SNR. is given for
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Figure 1: Statistical comparison of two DOA
estimation methods with proposed weighting
schemes for two plane waves arriving from 21 and
25 degrees.

the plane wave arriving from 21 degrees. Similar
results are obtained for the plane wave arriving
from 25 degrees. It is seen that the two IRNLS
methods are significantly better than the Stan-
dard LSE method as well as DOA estimation in
conjunction with calibration of the array. In this
experiment ¥(r) = r for simplicity.
Experiment 1I: Nongaussian Noise Environment

In this case, noise samples are generated from
a p-variate Cauchy density function with scale
parameter b. The results with various nonlin-
ear weighting schemes is presented in Table 1.
It is seen that schemes with nonlinear weighting
achieved lower RMS error levels. In this experi-
ment W is selected as the identity matrix.
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176 Conclusions

| A new parameter estimation method based on

Iteratively Reweighted Nonlinear Least Squares
is developed. In the presence nongaussian noise

1and/or modeling errors on the sensor characteris-

tics, it demonstrated superior performance com-

i pared to the Standard LSE method with ap-

propriately selected nonlinear weighting functions
and weighting matrices. The computational com-
plexity of the new method is only marginally
higher than the standard LSE method.
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LSE ML
-20logh | P(r) =71 | P(r) =log(H + 1) P(r) = log(r)
20 48.0533 0.1254 0.1257
25 33.1822 0.0725 0.0726
30 33.0244 0.0385 0.0385
35 5.7376 0.0208 0.0208
40 1.7866 0.0132 0.0133
45 2.8684 0.0071 0.0071
Table 1: The RMS Errors for various weight-

ing schemes under Cauchy distributed noise.

(DOA=25°).
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Teblig Konusu: Nokta Kaynaklarin Konumlarinin Almag Dizileri ile Sap-
tanmasi

(")zetge

Sinyal gelis agilarinin kestiriminde duyargag konumlarindaki belirsizliklere dayanikh bir
yontem gelistirilmigtir. Sézkonusu dayanikhilik karesel hatay: enkiglklemek icin kul-
lanilan inig yontemi sirasinda kalinti hata gozoniine alinarak bazi duyargaglarin yeniden
agirliklandinlmalar ile elde edilmigtir. Bu algoritmanin bagarimi benzetim yoluyla
diger algoritmalar ile karsilagtirilmig, agirlik matrisinin 6nceden bilindigini varsayan
yontemlere yakin sonug verdigi gozlenmigtir.

1. Giris

Nokta kaynaklarin konumlar gézleme noktasindan uzaktaki kaynaklar icin trettikleri
sinyallerin gelis-agilar: ve gézleme noktasina mesafeleriile belirlenir. Gegtigimiz onyilda
gelig-acist (GA) kestiriminde afirhk yiksek ¢ozinirhikli yontemlerin geligtirilmesine
verildi. Enbiyik olabilirlik [1, 2], dogdrusal éngéri [3] ve altuzay ayrmgtirma [4, 5, 6]
yontemleri geleneksel 151ma (beamforming) yonteminin yetersiz kaldigi durumlarda bir-
birine yakin kaynaklar ayirt etmeyi bagardilar.

Ne var ki bu yiiksek ¢oziiniirliikli yontemlerin ger¢ek hayattaki uygulamalar:, duyargag
dizisi ve giiriiltii istatistiklerindeki belirsizliklere gok duyarh olmalarindan dolay: sinirh
kaldi. Sonar uygulamalarinda sudaki dalgalanmalar, radarda hava degisimleri veya
parcalarin eskimesi gibi olgularin varsayilan modelden sapmalara neden olduguna tanik
olundu. Dahasi bircok uygulamada duyargag parametreleri kismen bilinmekteydi: Bir
duyargag dizisi gemi tarafindan gekilirken egilebilir, tek tek duyargaglar hareket halin-
deki helikopterlerden diigiiriilebilir veya bir ugagin kanatlarina yerlestirilen duyargag
dizisi manevra sirasinda biikiilebilir. Yiksek ¢oziiniirlikli yontemlerin bagarimlarinin
bu gibi belirsizliklerden gok etkileniyor olmas: dayanikh yiksek ¢oziintrlukla yontemlere
gereksinim duyulmasina neden oldu. Bu bildiride boyle bir yontem geligtirilecektir.

Duyargac genlik ve evre belirsizliklerine dayanikh algoritmalar biyik olgiide genlik ve
evre parametrelerinin sinyal model denklemlerinin niteliginde basit degisgikliklere yol
acmalarindan dolay1 hayli bagarihidir [7, 8]. Ote yanda duyargac konumlarindaki belir-
sizlikler hem sinyal model denklemlerine dogrusal olmayan bir gekilde girmekte hem de
cogunlukla bilinmeyen gelis agilariyla baglasmaktadir. Biz bu bildiride duyargag kon-
umlarindaki belirsizlikler tizerinde yogunlasacagiz. Ne var ki geligtirdigimiz dayanikh
yontem hem duyargag genlik ve evrelerindeki hem de konumlarindaki belirsizlikler i¢in

kullanilabilir.
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Bircok sinyal igleme alaninda gozlem vektorleri bir grup parametre ile belirlenen temel
sinyal vektorlerinin dogrusal katigimi ve toplanir giiriltd 6rnekleriile verilir. Gelig agis:
problemi dahil olmak tizere baz1 alanlarda amag gozlem vektorlerinden parametreleri
kestirmektir. Parametre vektorleri §; lara temel sinyal vektorleri s;(6;) 2 =1,2,...,m
lizerinden bagimli m temel sinyal varsa, gozlemlenen yanit

m

d(t) = ait) si(6;) + w(t). (1)

1==1

ile ifade edilebilir. Bu denklemde a;(t), ¢ aninda s-inci temel vektoriniin katsayisina,
w(t) ise toplanir giiriilti vektorine karg: diigmektedir. Yukaridaki denklemi derli toplu
bir sekilde yazabilmek igin temel sinyal vektorlerinden olugturulan S(8) p x m karma
matrisi

S(8) = [51(61) * 52(82) -+ 8 (8m) |, (2)

ve m x 1 katsay: vektori a(t) ile karma parametre vektora ¢
a(t) = [aa(t) ax(t) .. am())" ve 6 = (676, ... 6] (3)
olarak gosterilir. Bu durumda
d(t) = S(8)al?) + w(t) (4)

olarak ifade edilebilir. Gelis agis1 problemi 6zelinde amacg, gelig agilarini barindiran
parametre vektoru § vektorini ve {a(t,)n = 1,2,..., N} genlik kiimesini N gozlemlenen
Srnegi eniyi ifade edecek gekilde segmektir. Enkiigiik kareler yontemi kullanilirsa

c(8,{altn)}) = ;; d(tn) = S(8)altn)]*- (3)

islevseli enkiigiiltiilmeye galisilir. Bu problemin ¢6ziimu siklikla dogrusal olmayan iz-
lenceleme yontemlerine bagvurulmasini gerektirir. Bu tiir izlenceleme yontemlerinin
karmagiklig kestirilecek parametre sayisina bagh olarak arttigindan parametre sayisin
azaltmakta yarar vardir. Gelis agis1 probleminde genliklerin kestirilmesi ikinci derecede
5neme sahiptir. Elimizdeki enkiigiikleme sorununun iki ozelligi vardir ki kestirilecek
parametre sayisinda azalmaya ve yakinsama hizinda kayda deger artmaya yol agar:

o Kestirilecek parametreler, a(t,) ve §, birbirinden ayrisiktir,

e Karesel hata dlgiitu c(8, {a(t,)}), a(tn) ile ifade edilen genliklerin ikinci dereceden
bir iglevidir.

Golub ve Pereyra [9] bu ozellikleri kullanarak problemin karmagikligin azaltabilecek
bir

parametre ayrigtirma yontemi geligtirdiler. Daha sonra Cadzow [1] bu yéntemi sanal
gozlemleri de icerecek sekilde genellestirdi. Sozkonusu yaklagim karma matris S(8)
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{izerine Gram-Schmidt dikgenlestirmesi uygulayip karesel hata iglevini (5) basitlestirdikten
sonra enkiiciiltme i¢in Gauss-Newton algoritmas: kullanmaktadir.

Karesel hata iglevi (5) p duyargacin herbirinden elde edilen érnekleri esit degerlendirmek-
tedir. Halbuki duyargaglarin konumlarinda (daha genel durumda konum, genlik ve
evrelerinde)

belirsizlikler varsa baz duyargaglarin digerlerinden daha fazla agirlig: olmas: istenebilir.
Bu durumda enkiigiiltulecek olgiit olarak agirhklandirilmig karesel hata iglevi kullan-
makta yarar vardir. Bagka bir deyigle,

N

ca(t),8) = > (d(tn) = S(8) a(tn))” W (d(tn) — 5(6) altn)) (6)

n=1

olarak secilebilir. Burada bakigimli kesin art: matris W, p duyargagtan arzu edilenlere
daha fazla agirlik vermekte kullanilabilir. Benzer bir yaklagim bagimsiz olarak Swindle-
hurst, Kailath ve Viberg tarafindan da énerilmigtir [10, 11, 12]. Bu aragtirmacilar genel
bir agirhk matrisi icin sonusurdaki degisinti matrisini hesapladilar. Bazi oynama (per-
turbation) modelleri altinda hata degigintisini enkiigiikleyen agirlik matrisini saptadilar
ve cegitli agirhk matrislerinin yiiksek ¢ozunirlikli gelis acis1 kestirim yontemlerinin
bagarimlarini nasil etkiledigini belirlediler. Ne var ki segilecek agirhik matrisinin 6nceden
nasil saptanacag: hakkinda bir ipucu vermediler. Halbuki eniyi agirlik matrisi hem du-
yarga¢ konumlarinin degigintisine hem de bilinmeyen gelis agilarina bagimhdir. Bu
nedenle daha az bilgiyle calisabilecek agirliklandirma yontemlerine gereksinim duyul-
maktadir.

Biz burada iki agamali ve ardigik bir ¢dzlim oneriyoruz. 30yle ki, her adimda once
6nceden belirlenmig bir agirhk matrisi ile gelig agilar: kestirilir, ve bu kestirim ile bir
sonraki adimda kullanilacak agirlik matrisi saptanir. Bu iki agamal gelis agisi ve agirhik
matrisi hesaplamalar: gelis agilar1 yakinsayana kadar sirdirilir. Bu bildiride agirlik
matrisi kosegen matris olarak alinmistir ve kosegen tizerindeki elemanlari, o elemana
kargi diigen duyargag tizerindeki kalinti hatalarin karelerinin toplaminin tersi olarak
belirlenmistir. Daha onceki bir calismada [13] kalint: hata karelerinin toplamlarinin
konumlarinda biiyik oynamalar olan duyargaglarin saptanmasinda etkili oldugunu
gordiigiimiizden duyargag oynamalarinin o denli biiytik olmadigi durumlarda kalint:
hatanin tersi ile agirliklandirmanin etkili olacag: noktasindan hareket etmekteyiz.

2. YENIDEN AGIRLIKLANDIRILAN KARELER YONTEMI

YSntemin gelis acis1 kestirimi boliimii igin agirliklandirilmsg karesel hata Slgiti (6) kul-
lanilmaktadir. Fakat agirlik matrisi 6nceden bilinmediginden k-inci adimda enkiigiik-
lenmesi gereken olgiit

N

c(a(t), 0x) = > (d(tn) — S(8) a(tn))” Wi (d(tn) — 5(8) altn)) (7)

n==1

olarak ifade edilebilir. Belli bir § icin bu 6lgiit genlik parametresine gore enkiigiiklendi-




ginde eniyi genlik degerlerinin
ag(tn) = (S(8)" Wi 5(6:))" S(8x)" Wi d(tn) (8)

oldugu goriiliir. Karma matris S(8y), p x m dikgen matris Q(8) ve m x m st kosegen
matris R(d) carpimu ile ifade edildiginde (i.e. S(f;) = Q(8x)R(8y)) enkiiciklenmesi
gereken olclt (7)

N

F(6) = D (d(tn)” Wi d(tn) = d(tn) Wi P(8y) d(tn)) (9)
n=1
olarak sadelestirilebilir. Burada P(8,) = Q(8;)Q(8;)* Wi izdiigiim izlecinin dikecleri
5(8,,) nin dikegleri ile ayni uzay: kapsamaktadir. Bu noktada gelis agis1 vektori bagarim
olgiitii (9) daha kiiglik bir deger almak kaydiyla

bpr1 =0+ d (10)

olarak yerinden oynatilir. Bu caligmada fark vektéri § Gauss-Newton yontemi kul-
lanilarak belirlenmistir. Adim boyu « ise uygun sekilde secilir. Elimizdeki yeni gelis
acis1 vektori ., kullanilarak kalint: hata vektorleri

e(tn) = (I = P(8,1)) d(t) m=1,2,..., N, (11)

olarak hesaplanir. Bir sonraki adimda kullanilacak agirlik matrisi Wiy, hata vektorlerin-
den elde edilir. Séyle ki, kdsegen tizerindeki ¢ numarali eleman w;;, yine 7 numarah
duyargaca kars: diigsen kalint: hatalarin karelerinin toplami r; olarak

N
1
o= Y leilta)? ve wi= i=1,2,...,p (12)

n=1 *

ile saptamir. Bu iki adiml siireg gelis acilar yakinsayana kadar sirdurilir.

Gauss-Newton ve benzeri inig yontemlerinin basglangic kestirimleri gercek degerlere
yeterince yakin olmadigi durumlarda yerel eniyi noktalara yakinsayabildikleri bilinmek-
tedir. Burada kullanilan, degisken agirlik matrisli bagsarim 6l¢iitintin (9) yerel eniyi
noktalara yakinsamaya daha da yatkin olabilmesi baz1 énlemler ahinmasini gerektirdi.
Ilk olarak, bagarim 6lciitii diizgelendi. Diger yanda gelig agilarinin kestirilen degerleri
gercek degerlerine yaklagtikca karesel hatalar kiigilmekte dolayisiyla agirhk matrisinin
kosegen iizerindeki elemanlar: biylimektedir. Bu etkiyi matrisin izini her adimda p
duyargag sayisina egit kilarak azalttik.

Bu iki agamali siiregin en Snemli sorunu gelis agilarinin kestirimi ve agirhk matrisi
saptanmas: agamalari arasindaki olasi kisir dongtdiir. Dogrusal olmayan izlenceleme
sirasinda o anki gelis acist kestirimi 8, bir duyargagtan elde edilen gozlemlere hayli
uygun olabilir. Bu durumda sozkonusu duyargaga kargi digen kalint: hatalar kiguk
olacagindan bu duyargagin bir sonraki adimdaki agirhg: artar. Agirhg biyiytince yeni
gelig acis1 kestirimi bu duyargagtan daha da etkilenir ve agirhginin daha da artmasina
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neden olur vs. Sonucta gelis agilari neredeyse yalmizca bir duyargagtan elde edilen
érnekler kullanilarak kestirilmeye baslanir. Bu olduyu denetim altina alabilmek igin
herhangi bir duyargagin alabilecegi agirlig: Ustten sinirladik. Denedigimiz durumlarda

duyargag agirhklarin

(13)

Ty
4
ortanca(r;)

1 _— ortaricagri)
Wy = "
* diger

olarak secmek iyi sonug verdi.

Calismamizda kalint: hatalarin kareleri yerine mutlak degerlerinin toplamlarini kulla-
narak agirhk matrisini belirlemeye de galigtik. Bu yontem degisik gelis acis1 manzar-
alarinda farkl sonuclar verdi.

3. BENZETIM SONUCLARI

Oniki duyargagh (p = 12) Mill-Cross dizisi kullanildi. Bu dizinin duyargaglarn z dizlemi
{izerinde [—287.5 0], [~187.5 0], [-87.5 0],[87.5 0], [187.5 0], [287.5 0],[0 — 287.5],
0 —187.5],[0 — 87.5],[0 87.5], [0 187.5],[0 287.5] ayak (foot) koordinatlarinda
yerlestirilmistir. Bu duyargag dizisine 21 ve 25 derecedeki kaynaklardan gelen iki
dar banth sinyal etkimektedir. Bu sinyallerin merkez sikliklar: 14.85 MHz’dir. Du-
yargac konumlar: varsayilan konum degerleri etrafinda Gauss dagilimina uygun olarak
oynatilmaktadir. Mill-Cross dizisinin dért ucundaki duyargaglarin gercek konumlar
varsayilan konum degerleri etrafinda on ayaklik standart sapmaya sahipken digerleri
birer ayaklik standart sapma ile degismektedir. Kaynaklardan gelen sinyalleri bagimsiz
Gauss giiriiltiisu kirletmektedir. Sifir ve 50 dB arasinda 10 dBlik araliklarda her
Sinyal-Giiriiltii Orami (SGO) icin yiz deney yapilip gelis agilarinin kestirimleri not
edilmistir. Gauss-Newton yonteminin gereksinim duydugu baglangic degerleri Ardisik
Dikgen Izdigtimler yontemi ile saptanmgtar [1].

Sekil 1’de énerilen yontemin basarimi agagidaki yontemler ile kargilagtirilmaktadir:

o 1. Apirhk matrisi Swindlehurst ve Kailath’in 6nerdigi sekilde gevrim-diginda
temel sinyal vektorlerinin degisintilerinin tersi olarak hesaplamir. Agirlik matrisi
hesaplanirken gelis acilarinin gercek degerleri kullanilmistir.

e 2. Agirhk matrisi kogegen olarak kabul edilmistir. Kosegeni ise bir onceki ma-
trisinkine esit olarak secilmistir.

e 3. Bildirinin yoéntemi: Agirhik matrisi gelis acilariyla ardigik olarak hesaplanir.
Agirlik matrisi gelis agilarinin kestirilen degerleri kullanilarak saptanir. Kogegen
tizerindeki agirhiklar iistten kalinti hata kareler toplamlarinin dért misli ile sinirlan-
dirilmagtir.

e 4. Bildirinin yontemi: Agirhk matrisi bir 6nceki maddedekinden farkli olarak
kalinti hatalarin kareleri yerine mutlak degerleri kullanilarak hesaplanir. Agirliklar
bu kez tistten toplam kalint1 mutlak degerlerinin iki misli ile sinirlandirihir.




e 5. Kalibrasyon ile birlikte gelis acis1 kestirimi [8].

e 6. Enkiiciik kareler yontemi (agirhklandirilmamus).

Degiginti matrisinin timinin ve kbgegen tizerindeki elemanlarinin bilindigi iki durum
(1 ve 2) karsilagtirildiginda yiiksek sinyal-giiriilti oranlarinda birbirlerine cok yakin
bagarimlara sahipken giriltinun arttigi durumlarda (SNR = 0dB) agirlik matrisinin
yalnizca kosegenini kullanmanin daha avantajhi oldugu Sekil la’da gortlmektedir. Bu
gbzlem burada verilmeyen baska manzaralarda da tekrarlandi. Bunun olas: bir ne-
deni, yontemi éneren Swindlehurst ve Kailathin [11] degisinti matrisini girtltisiz
durum icin saptamig olmalar olabilir. Sinyal-giriilti orani 0dB mertebesine distince
degiginti matrisi etkisini yitirebilir. Denenen fakat sekilde verilmeyen bagka bir il-
ging agirhklandirma sekli de duyargag konumlarindaki degisintiler bilindigi takdirde
bu degisintilere ters orantili olarak agirhiklar vermektir. Bu sekilde secilen agirhklar
2. yoéntemden biraz daha kotii sonug verdi. Fakat bu durumda agirliklarin saptan-
mas1 icin gelis agilarinin bilinmesine gerek olmadigim hatirlatalim. Bildiride onerilen
ve ne gelig acilarinin ne de duyargag konum degisintilerinin bilinmesine gerek duyan
iki yontem (3 ve 4), diger iki agirhklandirma yoéntemine yakin sonug verdi. Elde
ettigimiz sonuglar burada anlatilan yéntemlerin bagarisini gostermektedir. Kalint:
hatanin kareler toplaminin tersi ile agirhklandirmaya dayal yontem (3) denenen fakat
burada gosterilmeyen diger durumlarda da bagarih olurken kalinti hatanin mutlak
degerini kullanan yéntemin giivenilir olmadigini gésteren bir sonug da aldik. Agirhiklan-
dirma yontemlerinin bagarisi agirliklandirilmarmsg enkiigik kareler yontemi ve kali-
brasyon ile gelig acis1 kestiriminden alinan sonuglar ile kargilagtirildiginda (Sekil 1b)
daha da dikkat cekmektedir. 25 dereceden gelen sinyalin gelig acis1 kestirimleri de
digerine benzemektedir.

4. SONUC

Duyargac konumlarindaki belirsizliklere dayamkl bir yontem gelistirildi. Yontemin
bagarimi bagka yéntemlerle karsilagtirildl ve daha az onbilgiye gereksinim duydugu
halde bagarili oldugu goruldu.
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The rapidly growing interest in the consumer market for mobile personal
communication systems generated growing need for effective use of the al-
located frequency bands. Techniques such as frequency-reuse and diversity
combining increase the capacity of communication cells to a certain extent
but further improvement is possible with array signal processing techniques.
In particular, the direction of the mobile with respect to the base station
provides valuable information to enable the base station to select signals
arriving from a particular mobile and hence reduce co-channel and possi-
bly cross-channel interference. Besides the directions of the mobiles may be
used to ease hand-over problems. Therefore, Direction-of-Arrival estimation
methods have significant potential in mobile communication systems. *

Direction-of-Arrival estimation methods have been widely used in radar
and sonar applications. Among the various techniques, Least Squares (LS)
technique is extensively studied. This is because its solution is identical to
that of maximum likelihood in spacially and temporally independent and

IThis research is sponsored by TUBITAK EEEAG-AY10 and Bogazigi University Re-
search Fund




identically distributed Gaussian noise environments. However it usually in-
effective in impulsive noise environments. We developed a method in which
instead of the squared error, a nonlinear function of the squared error is
minimized with respect to the signal samples and the direction-of-arrivals.
The nonlinear function is typically a monotone increasing function which
weighs the samples with large squared error terms less than the regular least
squares method would thereby reduces their effect in the final estimates.
We will apply this method to TDMA mobile communication systems in this
study and determine its capability of operating in impulsive noise environ-
ments. Bit-error-rates achieved with and without the nonlinear weighting
will be presented.
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