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Chapter 1

Introduction

1.1 Radio astronomy

For a long time, astronomy was limited to optical astronomy, i.e. astronomy
based on observations made with optical telescopes. In theate XIX" cen-
tury, Sir Oliver Lodge [70, 49] had an intuition about radio waves emitted by
extraterrestrial sources, and particularly the sun.

Almost half a century later, radio astronomy was born with Karl Jansky [58].
Jansky, an engineer at Bell Laboratories, was working on a prject regarding
radio interference during transatlantic communications when he discovered the
rst radio emission from an extraterrestrial source : the Milky Way.

In the spectral sense, two types of cosmic emissions exist ladio astronomy
: continuum emissions and spectral lines:

Continuum emissions correspond to broa dBand radiation, ie. radiation
slowly varying over the wavelengths. Their origin is eitherthermal or non-
thermal. Thermal radiation means that the emission of a cosnt object
depends on its temperature. Non-thermal radiation can be ofvarious
kinds, such as synchrotron radiation (when particles close¢o the speed of
light cross a magnetic eld) for instance.

Spectral line emissions are narrow band radiation due to quatum state
changes in atomic or molecular components of a cosmic soutceThey
provide information about the composition of a cosmic soure, but also
about its movement and expansion.

In the temporal sense, cosmic signals are either classi edsecontinuous emis-
sions or transients (e.g. pulsars).
1.2 Radio astronomy instrumentation

1.2.1 Single dish radio telescopes

The rst single dish radio telescope was built by Grote Reberin 1937. He
conducted the rst radio sky survey ever. After World War |1, technological

7



8 CHAPTER 1. INTRODUCTION

progress allowed astronomers to build much more sensitiveadio telescopes,
and radio astronomy started to develop.

Since the intensity of a cosmic source decreases as the ingersquared dis-
tance from the source to the radio telescope, the receiversalie to be extremely
sensitive. Current receivers are much more sensitive thanammunication sys-
tems, and allow sky imaging and accurate cosmic signal prossing.

Sky imaging

Sky imaging can be performed with single dish radio telescags. It consists in
scanning a region of the sky in azimuth and elevation, so thaintegrated data
recovered from the observation Il a pixel matrix. The resolution achieved by
such an instrument depends on the dish size and on the obsemdeavavelength.

The angular resolution of a single dish radio telescope is @gén by the Rayleigh
criterion:

sin( min ) min = 1:225 (1.1)
with:

min the minimum angle in radians between two point sources that an be
distinguished by the instrument,

the wavelength in meters at which the observation is made,

D the aperture diameter in meters of the instrument (diameter of the
dish).

The factor 1:22 is related to the rst zero of the diraction pattern of the
instrument.

This limitation is an issue for low frequency observations.Suppose an obser-
vation is made at frequencyfo = 100 MHz with a D = 100m single dish radio
telescope. The corresponding wavelength at this frequencig:

_c__c
°7 f,” 100 10¢

with c the speed of light in vaccum.
The minimum resolution between two point sources is then:

3m 1.2)

5p 0 _ 3 .
0= 1.22D = 100 2:1 1.3)

The current largest single dish radio telescope is locatedni Arecibo, Porto
Rico (see Figure 1.1.(a)), with a diameterD = 305m. This radio telescope
allows observations in a 40 cone around the local zenith by moving its receiver.
The world's largest fully steerable radio telescope is the Gen Bank telescope,
located in West Virginia, USA (see Figure 1.1.(b)). Its dishis 100m wide.

The Five hundred meter Aperture Spherical Telescope (FAST)is currently
being built in southwest China, and will become the world's kargest single dish
radio telescope, once operational.

The spatial resolution of an instrument, especially at low fequencies, can
be increased with radio telescope arrays.
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(b)

Figure 1.1: (a) Arecibo radio telescope, located in Porto Rto. 305m single dish
radio telescope. (b) Green Bank telescope, located in Westixginia, USA. 100m
fully steerable single dish radio telescope.

1.2.2 Radio telescope arrays

Di erent kinds of radio telescope arrays exist:

Phased antenna arrays,
Single dish radio telescope arrays,
Arrays of phased antenna arrays,

Phased Array Feeds (PAF), i.e. phased antenna arrays at thedcation of
single dish receivers.

A radio telescope array can either work as a single (big) dishadio telescope,
or as an interferometer.

In order to work as a single radio telescope, the signals froraach element of
the array are digitally combined in such a way that the global radiation pattern
steers in one particular direction of interest. This proces is called beamforming
and is presented in chapter 3. Sky imaging can then also be prmed in the
same way as with a single dish radio telescope, i.e. by lling grid with power
reached in di erent directions in the sky.

With enough computational power, such systems can also pesfm simulta-
neous multiple observations (multiple beams).

The spatial resolution achieved with a radio telescope arra performing aper-
ture synthesis interferometry becomes:

with B the maximum distance between two radio telescopes of the aay
(called baseline).

For instance, a technique called Very Long Baseline Interfeometry (VLBI)
allows very high resolution observations by combining muliple single dish radio
telescopes located on di erent places around the world. Thesynthesized aper-
ture of the equivalent radio telescope can thereby reach thaize of a continent.
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Van Cittert - Zernike Theorem

The Van Cittert-Zernike Theorem [110] is a generalization d the Wiener-Khinchin
Theorem, stating that the Fourier transform of the autocorr elation function of a
wide-sense stationary random process corresponds to its Rer Spectral Density
(PSD).

Suppose one cosmic point source emits an electromagneticlce E (t). This
eld is probed by a sensor located at the spatial position dened by the vector
u. If s(u;t) is the centered signal probed by the sensor, the intensity bthe
radiation is de ned as:

I (u) = Efs(u;t)s (u;t)g (1.5

| (u) is actually the autocorrelation of s(u;t)
The mutual coherence between two locations de ned by the spt#al vectors
uandv is:

(u;v; )= Efs(u;t+ E)s (v;t E)g (1.6)

In other words, the mutual coherence (u;v; ) is the covariance of signals
probed at locationsu and v. The Pearson correlation coe cient is de ned as:

(u;v; )
I (u)l(v)

and is called the degree of coherence.

In the same way as the autocorrelation function (u;u; ) is linked to the
Power Spectral Density ofs(u;t), the coherence function (u;v;0) is linked to
an intensity spatial distribution, e.g. the skymap, following the Van Cittert-
Zernike Theorem:

(us;v; )= (1.7)

zz
(u;v;0)= I (I;m)e 2 WHvm)gidm (1.8)

with | and m de ning spatial coordinates in the eld of view of the instru -
ment. More practical details about Fourier imaging can be faind in [12].

An example of an interferometer is the European radio telesaspe LOFAR,
currently the most sensitive instrument at low frequencies

The LOw Frequency ARray (LOFAR)

LOFAR [2] is a radio interferometer built by the Netherlands Institute for Radio
Astronomy (ASTRON) [47]. Its core is located in Exloo, The Netherlands, and
is composed of 18 core stations (see Figure 1.2.(a)). 18 retrostations are
also spread over The Netherlands, as well as 8 internationadtations, located
in France, the United Kingdom, Sweden and Germany. The Unitel Kingdom
- LOFAR international station is shown on Figure 1.2.(b), and the Narcay
observatory with the French LOFAR station is shown on Figure 1.2.(c).

Each station is composed of Low Band Antennas (LBA), with a frequency
bandwidth f =30 80 MHz, and High Band Antennas, with a frequency
bandwidth f =120 240 MHz. The stations perform digital beamforming,
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@ (b)

Figure 1.2: (a) LOFAR core, located in Exloo, The Netherlands. (b) LOFAR

international station located in Chilbolton, UK. (c) Narc ay observatory, with

the French LOFAR station, the radioheliograph and the Narcay Radio Telescope
(NRT).

CENTRAL
CORRELATOR

Figure 1.3: LOFAR principle. Each station beamforms in the direction of in-
terest. The signals from all the stations are then sent to thecentral correlator
for further processing.
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and the signals from each station are sent via optical ber tothe central cor-
relator consisting of a Blue Gene/P supercomputer for further processing (see
Figure 1.3).

LOFAR achieves a frequency resolution off = 0:76 kHz, with baselines
going from 100m up to 1500km. The stations can also steer 8 irgendent
directions in the sky (8 simultaneous beams).

Toward the Square Kilometre Array

The Square Kilometre Array (SKA) [3] will become the largest radio telescope
in the world. The instrument will be located in the Australia n and South

African deserts and will have a total collecting area of appoximately one square
kilometre. Its frequency bandwidth will go from 70 MHz, up to 10 GHz, with

a sensitivity around 50 times higher than any other radio telescope. It will be
composed of antennas and single dish arrays. The radio telespe should be
fully operational in 2021. LOFAR is an SKA path nder.

1.3 RFI mitigation for radio astronomy

1.3.1 Radio Frequency Interference

Radio astronomy studies cosmic sources through their radi@missions. Radio
frequencies form the lower part of the electromagnetic spewm, with frequen-
cies going from 3 kHz up to 300 GHz (wavelength from 100km up tdlmm).
Because of atmospheric considerations (opacity of the atnmgphere and iono-
sphere at low frequencies), ground-based radio astronomys iusually limited to
a smaller frequency range going from 30 MHz up to 100 GHz.

As radio astronomy is considered as an o cial passive radio pectrum user,
some frequency bands of the spectrum are protected and dedited to radio as-
tronomy. A list of these protected frequencies can be foundmthe International
Telecommunication Union (ITU) website [1]. These frequenges correspond to
well-known spectral line emissions.

However, astronomers are increasingly interested in obseing outside the
protected frequency bands. For instance, the Doppler e ectapplied to cosmic
sources leads to shift in the frequency of spectral lines. Té spectral lines
considered may then be located outside their dedicated banwidths. Another
example is broad band radiation, such as continuum emissi®) which is only in
part taken in account in radio astronomy frequencies protetion.

Observing outside the protected frequency bandwidths is a rajor issue in
radio astronomy. Since the radio spectrum is extensively amupied by active
users, electromagnetic pollution makes it hard to perform dservations. Radio
communication signals can be around 50 dB above radio telespe system noise,
or weaker, while cosmic source signals can be up to 60 dB beldive noise level
[60, 108].

Radio frequency interference in radio astronomy can be of dérent kinds.
For instance, the LOFAR low frequency band (30 80 MHz) contains 74 dif-
ferent frequency allocations, as many as the LOFAR high fregency bandwidth
(120 240 MHz) [75]. Typical examples of frequency allocations & Commu-
nication / Global Positioning System (GPS) satellite downlinks, land / mar-
itime mobile communications, Global System for Mobile (GSM communica-
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tions, wireless microphones, Digital Audio or Video Broadasts (DAB/DVB),
medical implants, home automation, paging systems, radarsaviation commu-
nications, etc.

Figure 1.4 shows examples of RFI acquired with a LOFAR LBA stdion.

Even when observing strictly in the frequency bandwidths delicated to ra-
dio astronomy, interference can occur. This is due to two mai reasons. The
rst is the non-respect of required communication systems éw and high cuto
frequencies, leading to spectral sidelobes emissions. Ather reason is receivers
non linearities, leading to interference harmonics due tontermodulation prod-
ucts.

Natural phenomena, such as terrestrial lightings, can alsinterfere with radio
telescopes due to their high sensitivities (as mentioned if108]).

1.3.2 RFI mitigation techniques

Radio telescopes are usually located at sites with low radidrequency occu-
pation. An electromagnetic environmental study is performed before any site
decision, in order to evaluate the radio pollution impact regarding the instru-
ment observation frequencies (see [8] for example). Radiouget zones do exist
on the earth but can not be perfectly free of RFI since aerial ommunications
(satellites, aviation) do not restrict their emissions, or because of re ections
from ground-based emissions.

RFI mitigation is one of the major issues in radio astronomy,as well as in
communications elds. Many studies have been conducted, bged on di erent
approaches.

The rst step in interference mitigation is to make it possible to distinguish
the Signal of Interest (SOI, i.e. cosmic sources in radio aspnomy) from other
emitted signals (RFI). The criteria, or parameters, used to distinguish the two
types of signals are then exploited in order to remove (or attnuate) the con-
tributions of jammers and recover the SOI as well as possibleRFI mitigation
techniques are however highly dependent on the type of raditelescope and the
type of observation performed.

A polluted radio astronomical subband can easily be procegsl with well
known signal processing techniques as long as the SOI and tHRFI do not
share the Time and Frequency slots. For short and intermittent interference,
the obvious solution is to remove the corrupted time samplesefore signal in-
tegration and further processing on astronomical data. Thesholding the radio
telescope output, based on power [10, 84, 20], statisticaf8, 37] or cyclostation-
ary [82, 102, 22, 7] parameters, then allows a real-time aggg and/or excision
process to be applied. The power strength and duration of thenterference can
quickly become an issue with this approach.

The temporal approach cannot be applied in continuous inteference scenar-
ios. But the diversity between RFI and SOI can also take placen the frequency
domain. Analog and digital Itering can then be applied in order to lter out
the corrupted frequency bands. Adaptive Itering can either be applied to the
radio telescope raw data [53, 99], associated with a referea antenna [11, 23]
or based on jammers' properties, such as cyclostationarity43]. This technique
is restricted to narrow band interference, and cannot be apped to broadband
interference when it covers large parts of the observed astnomical band.
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Figure 1.4: RFI and interference mitigation (orthogonal projection) examples
with LOFAR HBA data. (a) Strong FM signals. (b) Example of RFI mitigation

on the strongest FM signal.
Example of RFI mitigation on the intermittent coast communi cation station
signal. (e) Strong aviation signal. (f) Example of RFI mitig ation on the aviation

signal.

(c) Coast communication station signals. (d)
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Time and frequency approaches can also be combined [76]. Winénter-
ference and cosmic sources occupy all observed Time-Frequy slots, these
approaches can no longer be applied for RFI mitigation purpses.

The spatial diversity can be exploited with multiple-element radio telescopes.
As SOl and RFI have di erent directions of arrival, they also have di erent spa-
tial signatures. Di erent types of processing based on thisdi erence have been
proposed. The rst kind of processing takes into account a réerence antenna (or
an antenna sub-array) to track and remove the interference gbspace from the
observation data [80, 81, 24]. Another approach, called ad#tive beamforming,
consists in designing an antenna array radiation pattern bytaking into account
the interference direction of arrival [62, 50, 87, 34]. Othe approaches are based
on interference subspace cancellation by building spatialters. The interference
subspace is estimated according to statistical or cyclostéionary [18, 95, 69, 35]
properties.

Finally, another RFI mitigation approach consists in subtracting the inter-
ference contributions instead of projecting or Itering th em out. This approach
assumes however a data model based on the additivity and unceelation of the
di erent signals [33, 31, 35].

Further readings about RFI mitigation for radio astronomy c an be found in
[68, 19, 38]

1.4 Contributions

This thesis focuses on spatial interference mitigation wih phased antenna array
radio telescopes. In this context, the dierent signals impnging on a radio

telescope (RFI, cosmic sources and system noise) lie in a @davector space, and
RFI and SOI are forced into separate subspaces after procdéag. One popular

technique consists in applying an orthogonal projector to he data in order to

project out the interference subspace [67]. The problem wit the orthogonal

projector is that recovering the subspace of interest (cosme sources) depends
on its orthogonality with the interference subspace. To addess this problem, an
oblique projection is considered. This projection technigie no longer depends
on the orthogonality between subspaces, and is presented section 3.3.2.

Another approach for RFI mitigation with multi-element rad io telescopes is
interference subspace subtraction. After estimating the mterference subspace,
its contribution is subtracted from the classical covariance matrix. The inter-
ference subspace is de ned by a basis, made of the di erent fjamers' spatial
signatures. But subtracting this subspace from the classial covariance matrix
also requires estimating the jammers' powers. A closed fornsolution of this
estimate, once the interference spatial signatures have lea estimated, is given
in section 3.4.

The accuracy of interference spatial signhatures estimatio is an important
parameter for spatial Itering. Based on (non-)whiteness assumptions, a time-
lagged covariance is introduced in section 4.1.3. This coveance matrix allows a
more accurate estimation of the interference subspace thathe technique based
on the classical covariance matrix, especially for weak imrference.

Using multiple covariance matrices has also been considatgas can be seen
in section 4.2. Three techniques are presented (Mean covarice matrix diago-
nalization, section 4.2.1, Joint SVD of time-lagged covarance matrices, section
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4.2.2 and Joint-diagonalization, section 4.2.3).

Finally, an RFI mitigation algorithm has been implemented on the French
station of the radio telescope demonstrator EMBRACE and is pesented in
section 5.3. This algorithm involves an RFI subspace estimidon based on a
classical covariance matrix and an oblique projector. Preminary results are
given in this section. Di erent techniques presented in this thesis have also
been tested on LOFAR data, and are presented in section 5.2.
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1.6 Thesis outline

Chapter 2 states a general data model for phased antenna aryaadio telescopes.
This chapter starts with a single antenna data model, that isthen extended to

a vectorized data model. The latter leads to the de nition of spatial signatures

of signals impinging the array. Finally, a classical covarance data model is
given. Several assumptions are made concerning either RFtosmic sources or
the system noise. Some particular statistical properties bthese signals are also
considered, leading to particular types of covariance maiices.

Chapter 3 starts by presenting four popular beamforming tetiniques. Three
of them are adaptive beamforming techniques. The second pawof this chap-
ter deals with projection-based spatial Itering techniques. Two projectors are
considered : the orthogonal and the oblique projector. Thei performances in
terms of RFI attenuation and SOI gain are compared to the perbrmances of the
beamforming techniques, regarding di erent data model paameters, in the con-
clusion of the section. Finally, an interference subspaceubtraction technique
is presented in the last part of the chapter. This technique & applied to the
classical covariance matrix once the interference subspacas been estimated.

Chapter 4 concerns interference subspace estimation. Diment approaches
are considered, based on the classical covariance matrixydic or conjugate
cyclic covariance matrix and the time-lagged covariance miix. The second
part of the chapter presents multiple covariance matrices gproaches, that im-
prove the accuracy of the statistical information recovera with the previous
techniques. All these techniques are compared through sinfations. In a third
section, two popular high resolution interference spatialsignature estimation
techniques are presented. However, they require a perfecingenna array cali-
bration.

Chapter 5 starts with an overview of the interference mitigaion techniques
presented in this thesis, applied to corrupted LOFAR Low and High Band An-
tenna data. The performances of these techniques are quaditively discussed.
In the second part of this chapter, an RFI mitigation algorit hm implementa-
tion is presented. The RFI mitigation algorithm has been implemented on the
French station of the radio telescope demonstrator EMBRACE Some prelimi-
nary results are shown and discussed.

The performances of the techniques presented in this thesiare compared
through simulations, either on simulated data or on real dat acquired with
LOFAR and EMBRACE.
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INTRODUCTION



Chapter 2

Data model

In this chapter, we model the data provided by an antenna arrg radio telescope.
The model is additive, and takes into account the cosmic sowes, the system
noise and the interference contributions. In order to simpify the model, and ex-
ploit all the information available, di erent assumptions concerning the signals
are presented. Depending on the type of observation, the typ of radio tele-
scope, and its location (close to xed jammers for instance)these assumptions
remain valid or not.

The di erent data models derived in this chapter will then be used for sim-
ulations and the comparison of interference mitigation tetiniques that are later
applied to measured data.

2.1 General data model

Consider an antenna array radio telescope made dfl antenna elements. Each
antenna receives a signal that can be written as a nite sum othe contributions
of all the sources located in the eld of view of the antenna aray. These sources
are of various kinds : cosmic sources, i.e. natural signalsmétted by cosmic
objects, or man-made sources de ned by various parameterse(g. modulation
parameters, power or polarization). Man-made sources wilbe referred to as
Radio Frequency Interference (RFI) in the following.

We will assume that all these sources are point sources. Thiassumption
is mainly due to a compromise between the distance between ¢hsource and
the instrument and the resolution of the instrument itself. Projected onto a
hypothetical sphere centered at an arbitrary antenna of thearray, called celestial
sphere these sources are spatially described by a set of two spheal coordinates

and , respectively named polar and azimuth angles (their radialcoordinates
being the celestial sphere radius).

De ne xk(t), k = 1::M, as the output signal of the k™" antenna element at
time t. x(t) is then expressed in complex baseband form as:

19
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Xs
Xk(t) = as,, (t; Sn1 Sn )Sn (t n:k)+ nk(t)
n=1
Xe X
= acn:k (t' Cn; Cn)cﬂ(t Cn;k )+ arn;k (t' rn; rn)rn(t ik )+ nk(t)
n=1 n=1
2.1)
with:

sn(t), n = 1:::Ng the n" signal impinging the antenna array at time t.
The number of signalsNg is such that Ng = N + N, with Ng, resp. Ny,
the number of cosmic source signals, resp. interference sigs, impinging
the radio telescope.

as,, ( s,; s,) the system gain between thek™ antenna and the direc-
tion ( s,; s,) on the celestial sphere at timet.

Ca(t), n =1 :::N¢ (resp. ro(t), n =1:::N;) the n" cosmic (resp. RFI)
source signal at timet.

ac, (t c.i c,) (resp. a, (t; (,; r,)) the system gain related to the
k™ antenna and the direction (¢, ; ) (resp. ( r,; r,)) on the celestial
sphere at timet.

nk (t) the system noise contribution on thek™ antenna.

The time shifts ,x, ¢, and (, correspond to the signals electromagnetic
wave propagation delay between thek™ antenna considered and an arbitrary
reference antenna of the array.

2.2 Assumptions

2.2.1 Narrowband assumption

The narrow band assumption can be expressed in two domains he frequency
domain and the spatial domain. Suppose the narrowband assuption holds
in the frequency domain. Then, by de nition, the frequency bandwidth f,
centered at a frequencyf o, of any signals(t) impinging the array is much smaller
than fg:

i
fo
Being narrowband, the signals(t) received at the k" antenna (s, (t)) can be

de ned as a product between a band-limited baseband signak(t), and a carrier
signal at frequencyf o:

1

sk(t) = bt)e?" o (2.2)

The spatial narrow band assumption concerns the electromatgtic wave
propagation of the sources through the antenna array [109]We de ne the wave
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propagation delay between two antennask and | of the array as y = | ks

where ¢ is the wave propagation delay between the signal source coidered

and the k" antenna.  depends on the relative orientation and distance from
the source to the two antennas. Considering the antenna& and | as the most
distant antenna pair of the antenna array, the spatial narrowband assumption
is then expressed by:

fo@ (2.3)

The signal s(t) received at the I'" antenna is by nature a time delayed
version of sy (t):

si(t) = skt w) (2.4)
=t q)d2felt W) (2.5)
=t )e 2fowg2fot (2.6)

We now apply the inverse Fourier Transform and its translation property to
b(t) and b(t ). If B(f) is the Fourier Transform of b(t), we have:

Z.,1
b(t) = . B(f)d2™ o (2.7)

f
B(f)e 127 i 2™t o (2.8)

[N

2

Z,

[N

bt )
1

Using the assumption made in Equation 2.3 on Equation 2.8, wéave:

b(t) bt ) (2.9)

Hence, working at the frequencyf ¢ at the output of the antenna array radio
telescope, the propagation delay of a narrowband source wavbetween two
antennask and | of the array is expressed as a signal phase shift. Its closédrm
expression, according to Equation 2.6, i® 127 o « . In other words, the envelope
uctuations of the narrowband signals are neglected. Only he in uence of the
geometric delay on the carrier is considered. This in uenceés expressed as signal
phase shifts.

The data model expressed in equation 2.1 can now be rewritteas:

Xe X
(M= Ay (6 i )o@+ @, (& ) )+ n(t) (2.10)

n=1 n=1

where the signals complex gaina.,,, (t; ¢,; c,)anda,, (t; ,; r,)absorb
the phase shifts induced by the wave propagation through theantenna array.

In the following, all the signals impinging the antenna array will be consid-
ered as narrowband. This condition holds because of the nate of the sources
or because of a sub-band Itering pre-processing at the entince of the system.
Henceforth, the signals' frequency dependence will be neggted, and the signals
expressed in base band. Radio telescope receivers usuallyopess narrow band
signals by applying a frequency downshift onto the receivedignals.
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2.2.2 Near/far eld assumption

Any change in a (cosmic or RFI) source location would induce astructure
change in its space-time signature. If a source(t) is moving toward or away
from the radio telescope while keeping its angular coordins ( s; s) constant,
i.e. only its radial coordinate changes, the radius of its sperical or cylindrical
(e.g. for long line antennas) wavefront at the radio telescpe changes. The
far eld assumption applies when its spatial signature structure change can be
neglected. In other words, the source is considered as beirfgr enough from
the radio telescope for its wavefront at the antenna array tobe approximated as
being at. If D is the antenna array diameter, the emitted signal wavelength
and d the distance between the source and the antenna array, thenhie far eld
assumption holds if [105]:

2D?
>

d (2.11)

This assumption is mostly important for sky imaging and beanforming ap-
plications. Section 2.3.3 shows the in uence of the far eldassumption on spatial
signature structures.

2.2.3 Signal model
System noise

The system noise termny(t) in Equation 2.1 is itself a sum of the contributions
of di erent noise components, e.g. cosmic background noisetmospheric noise,
receiver noise... Applying the Central Limit Theorem on signals that can already
be considered as centered, temporally independent and idéoally distributed
(i.i.d.) with complex Gaussian distribution, this noise term is also centered,
i.i.d. with Gaussian distribution.

The noise contributions are temporally stationary over shat time intervals.
The non-stationary contributions are due to slowly varying physical e ects (e.g.
night / day cycles...). One aim of the calibration process casists in compen-
sating these non-stationary contributions. However, at a fort time scale, the
system noise can be considered as stationary. For longer tienscales, calibration
is necessary to keep this noise stationary.

Cosmic sources

The radio frequency emissions of cosmic sources are due todarlying stochastic
processes happening within objects themselves or during #ir interactions with
their near-environment. Therefore, applying again the Ceral Limit Theorem,

cosmic source signals are assumed to be centered, tempoyadli.d. with complex
Gaussian distribution [105].

Except for some speci c types of sources, such as pulsars farstance, their
signals are stationary. However, from an earth local point 6 view, these signals
are no longer stationary. Slowly varying changes in the atmsphere and in the
interstellar medium make their statistics vary.

But again, at a short observation scale, cosmic source sigigare assumed
to be stationary. Their resulting spectra are either wide band (e.g. continuum
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emissions), or narrow band peaks corresponding to red-siéfd (Doppler) ab-
sorption and/or emission spectral lines. Moreover, as wasasd earlier, all the
cosmic sources are assumed to be statistically independent each other.

Radio frequency interference

Interference is a generic term that depends on the applicatin. Basically, inter-

ference is all kinds of signals that corrupt the signal of inerest (SOI). Radio
frequency interference for radio astronomy can be of variosi kinds. Impul-

sive thunderstorm emissions, wind turbine amplitude moduktion signals and
overhead power line emissions are typical RFI examples. Haaver, most of
the interference signals encountered in radio astronomy & due to man-made
wireless applications, e.g. Global Positioning System (GB) satellites, Digital

Audio Broadcasting (DAB), amateur radio, paging systems, @Il phones, home
automation, etc. We will focus in this thesis on man-made modlated signals.
We chose three di erent signal properties to model RFI : cenered narrowband
Gaussian stationary, Second Order (SO) non-circular and SCryclostationary

(see section 2.4.2).

2.3 Algebraic model

2.3.1 \ectorized data model

The data model de ned in Equation 2.1 can also be expressed ithe following
vector form:

x(t)= Ac c(t)+ A, r(t)+ n(t) (2.12)

where:

x(t) = [x1(t) xm ()]" isthe M 1 phased antenna array output data
vector at time t,

ct)=[ci(t) cn (1) isthe Ne 1 cosmic sources signal vector at time
tl

Ac=[ac (i c5 o) A (6 cv.s o )]isthe M N cosmic sources
space-time signature vectors matrix, with:

ac, (¢ c) = [ (6 6 )  @cm (B e )] the space-time
signature vector corresponding to then™ cosmic source,

r(ty=[re(t) rn, ()] isthe N, 1 RFI signal vector at time t,

Ar =[ar, (t ry5 ry) @, (K ry, s ry,)]listhe M N, RFI space-time
signature vectors matrix, with:

arn(t; rn; I'n) = [arnl(t’ rn; rn) a'rn;M (t' rn; rn)]T the Space_tlme
signature vector corresponding to then™ RFI,

n(t) =[n.(t) nm(t)]" isthe M 1 system noise vector at timet.
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2.3.2 Covariance matrix data model

The astronomical information coming from cosmic sources iprovided by their
signal's second order statistics [105]. Antenna array radi telescopes either pro-
vide them as a beamformed power over time, or as an integratedrray covariance
matrix. The covariance matrix of the vectorized data model de ned in Equation
2.12 is expressed by:

R(t; )= Efx(t+ é) xH(t E)g (2.13)

Assuming independence between RFI, cosmic sources and sgst noise, i.e.

Efc,(t + E)rm (t E)g 0; 8 ;n 2[1:::Ncl;m2[1:::N;]

Efcn(t+§)nm (t E)g 0; 8 ;n2[1:::N¢]m2[1:::M]

Efra(t+ E)nm (t 5)9

0; 8 ;n2[1l:::N;;m2][1:::M]

the covariance matrix R(t; ) can be written as:

R(t )= A: Re(t, ) A+ A Rt ) A" +Ra(t; ) (2.14)
with:

Re(t; )= Efc(t+ 5)cH (t 5)g

Re(t; )= Efr(t+ )"t 3)g

Rn(t )= Efn(t+ 5)n"(t )g

Multipath e ects and noise coupling aspects have been invagjated respec-
tively in appendices A and B.

2.3.3 Calibration and spatial signature vector structure
Far eld sources

Cosmic sources are usually considered as being far eld [63]As long as the
antenna array is perfectly calibrated, their spatial signaure vectors are pre-
dictable as soon as their location and trajectory are known. The structure of
these vectors is based on a dot product between the source dition, given by
its angular coordinates, and the antenna array baseline cadinates [90].

Let ( 5; s) be the spherical coordinates of the source at time t and fre-
quencyfo impinging an M -antenna array radio telescope. The spatial signature
vector of s, as( s; s), also known assteering vector, is then expressed as:

as( s; o) = @2 LChmy d i (2.15)
with:

¢ the speed of light in vacuum,
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Caray @3 M matrix containing in its columns the cartesian coordinates
of each antenna of the array. These coordinates are either ¢gn relative
to a reference antenna or to an arbitrary point in space,

d .. . a3 1 cartesian vector pointing the direction ( s; s) onthe celestial

S

sphere.

Without calibration, complex gains on each antenna of a phaed antenna
array radio telescope might not be equal. The spatial signaire vector is then
modeled as follows:

as(s; s)=a &2° (2.16)

with aandr two M 1 arbitrary (but xed) uniformly distributed random
vectors. In the following, we will considera = 1y 1, heglecting any ampli ca-
tion di erence between antenna elements.

A calibration step is therefore required before any obsernion for the radio
telescope to provide exploitable astronomical data [104].

There are two kinds of uncalibration. The rst one, concerning the antenna's
directivity and the ionospheric and atmospheric disturbances, is direction de-
pendent. The second one concerns the receiver's signal pessing path, and is
direction independent.

Considering the antenna array uncalibrated, its covarian@ matrix is ex-
pressed as:

R(t )= G(A: Re(t ) AcH+Ar Re(t; ) ArH)GH"'Rn(t; ) (2.17)

gk the relative complex gain associated with thek™ antenna of the array.
With a perfectly calibrated antenna array, the gain matrix G is such that:

G = IM M (218)

In the following, the assumption 2.18 will be considered asrue. The antenna
array spatial distribution will not be taken into account, i .e. the sources spatial
signature will be considered as arbitrary, but xed, random complex-valued
vectors, and complex antenna gains are distributed into then. The spatial
signature vector structures considered will therefore fdbw the equation 2.16.

Near eld sources

A near- eld signal impinging the array does not meet the condtion expressed
in Equation 2.11. In this case, its wavefront cannot be conglered as being
at when reaching the antenna array. The relative phase di erence distribution

can however still be predicted by knowing the exact source loation relative to

the array location and structure by applying basic solid geanetry. However,

without loss of generality, the source's spatial signaturewill also be considered
as being arbitrary, but xed, random complex valued vectors.
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2.4 RFI properties
2.4.1 Non-circularity

The non-circularity property of a signal is based on the rancm complex variable
theory [79]. This circularity property says that the statis tics of the two random
complex variablesz and zé are the same for any rotation over an angle 2
[0:::2 ]. For example, let us consider the SO statistics of a complexariable.
These statistics are de ned by both the covariance function(Equation 2.19) and
the conjugate covariance function (Equation 2.20) expressd by:

2(t )= Efz(t+ 5)2 (t 5)9 (2.19)
(6 )= Efz(t+ Dzt 5)g (2.20)

The variable z is said SO circular if both the covariance and conjugate co-
variance functions ofz and ze are equal for any 2 [0:::2 ]. The covariance
functions of z and zé are equal for any . Concerning the conjugate covariance
function, we have:

Tze (G ) = Ef(z(t+ E)é )(z(t E)é )9 (2.21)
= Efz(t + E)z(t E)éZ g (2.22)
= ~,(t; )e? (2.23)

Therefore, the only condition for z to be circular is ~,(t; ) = 0. A non-
circular complex variable is then a variable z such that ~,(t; ) 6 0. In a
multidimensional way, an SO non-circular complex vectorz is a vector such
that:

R,(t )= Efz(t+ E)zT(t 5)980; 8t g2 R? (2.24)

R.(t; ) is called the conjugated covariance matrix Contrary to cosmic
sources and system noise, some modulated RFI such as Amplde Modulated
or Binary Phase Shift Keying modulated signals, present thenon-circularity

property.

2.4.2 Second order cyclostationarity

Consider an SO stationary complex procesg(t). By de nition, its autocovari-
ance function is time independent:

2t )= 2() (2.25)

Some non stationary processes exhibit a periodicity in theicovariance func-
tion:

2(t+ To; )= 2(t ); To2R (2.26)
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These kinds of processes are said to beide sense SO cylostationary42,
44, 86]. Being periodic with a period Ty, also called thecyclic period, their
covariance function admits the following Fourier decompogion:

X1 .
()= ()% T, n2N (2.27)
n=1
with
12+ .
= = L(t )e 1?2 Totdt 2.28
" T
i TTO j2 ”tE
= z(t+ )z (t =)e'* 7o 2.29
( 2)( 2) o (2.29)

. () is called the cyclic covariance function of z at cyclic frequency , =
T”—D. Since z is a complex process, it also admits aonjugate cyclic covariance
function de ned by:

12+ o
0= Tt e 12 75t dt (2.30)
2 _E
= 2t+ At e 12 15t ) (2.31)

with =, (t; ) as expressed in Equation 2.20. Henceforth, SO cyclostatiary
processes with a cyclic frequency will be denoted -cyclostationary processes
When the only cyclic frequency of a process is = 0, this process is stationary.
Cyclic and conjugated cyclic covariance functions can ealyi be generalized to
multidimensional SO -cyclostationary processes. lfz(t) is a random complex
vector with SO -cyclostationary entries, its cyclic correlation matrix is de ned

by:

E) (e 2t 1) g (2.32)
In the same way, the conjugate cyclic correlation matrix of z(t) is de ned

by:

R, ()= Efz(t+ 5) 2"t

E) (e 2t :1T) g (2.33)

Consider now the data model described in Equation 2.12, but vth only one
single -cyclostationary interferencercyc(t) (with 6 0). The model becomes:

R,( )= Efz(t+ E) zZ'(t

X(t) = ar,, reye() + Ac c(t) + n(t) (2.34)

(In order to simplify the equations, we have omitted the three parameters
(t; ; ) of the interference spatial signature)

Using the linearity of the average operator, the cyclic corelation matrix of
x(t) can be written as:

Ry()=Ry ()+R( )+ Ry() (2.35)
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AM BPSK M-PSK | M-QAM
Cyclic frequencies () none Ts'y‘m Tsr;m T
Conjugated cyclic frequencies (¥ | 2fqg | 2fo + Ts’y‘m none none

Table 2.1: Cyclic and conjugated cyclic frequencies for AM,BPSK, M-PSK
and M-QAM modulated signals. f corresponds to the modulated signal carrier
frequency, andTsym to its symbol duration period. n is an integer.

Cosmic sources and the system noise are assumed to be statioy signals
[105], and therefore do not admit any cyclic power for 6 0. We have:

Ry()=R, ()= . ()a,a (2.36)

rcyc
with - the cyclic covariance function off cyc (t).
Some SO cyclostationary modulated signals also present cpmated cyclic
frequencies. In the same way, the stationary contributionsof the data model

will no longer contribute to the conjugated cyclic covariance matrix:

D _ E
R,()= x(t+ =) x"(t =) (el?' :1T) (2.37)
2 2 1

=~ .. ()a,,af (2.38)

T cye

When the conjugate cyclic frequency = 0, the conjugate covariance ma-
trix expressed in equation 2.37 corresponds to the conjugatcovariance matrix
expressed in equation 2.24. A non-circular signal can thefere also be seen as
a cyclostationary signal with, at least, one conjugate cydt frequency : =0.

The Table 2.1 shows the cyclic and conjugated cyclic frequeasies correspond-
ing to Amplitude Modulated (AM), Binary Phase Shift Keying ( BPSK), M-
Phase Shift Keying (M-PSK) and M-Quadrature Amplitude Modu lation (M-
QAM) signals [40, 41].

Figure 2.1 shows the Power spectral Density, the cyclic powespectrum and
the conjugated cyclic power spectrum of a simulated Binary Pase Shift Keying
modulated signal. The peaks that can be seen on spectra 2.b)Y and 2.1.(c)
correspond to the modulation's cyclic and conjugated cyck frequencies.

2.5 Conclusions on the data model

Understanding the data is an important step for any signal processing. Con-
cerning interference mitigation for phased antenna array adio telescopes, three
kind of signals are recovered at the system output:

The cosmic sources, or signals of interest. These signalsusly have low

power and can most of the time be modeled as white stationary pcesses
with Normal distribution over a short time scale. Pulsing sources also
exist, and the approach will then be completely di erent (see [6] for more
details).

The system noise. System noise is always present in the datdhe system
is here understood in the broad sense, i.e. taking into accat cosmic noise,
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Figure 2.1: Cyclostationary properties of the BPSK modulaton. (a) Power
Spectral Density of a simulated BPSK modulated signal (redweed carrier fre-
quency fo = 0:16 (reduced frequency) and symbol duration periodTsym = 16
samples). (b) Cyclic power spectrum. (c) Conjugate cyclic pwer spectrum.
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the electronic noise, thermal noise, analog to digital congrsion noise, etc.
Applying the Central Limit Theorem, this noise is commonly modeled as
a white stationary Gaussian process. Unlike cosmic sourceghe system
noise is also considered as spatially white.

Radio Frequency Interference. RFI are signals impinging tle antenna
array without being of interest. Dierent sources can emit interfering
signals, especially telecommunication devices. These sigls have high
power, and their modeling depends on their nature : natural €osmic or
due to natural phenomena) or man-made signals.

The full data model is an additive model. The phased antenna gay out-
put therefore contains contributions from cosmic sourcessystem noise, and,
depending on the frequency bandwidth of interest, in certan cases the observa-
tion time, radio frequency interference.

Figure 2.2 shows a data Power Spectral Density and Time-Fregency repre-
sentation of an acquisition made with a LOFAR High Band Antenna over 150ms
and 100 MHz frequency bandwidth. Interference is not presemnover the whole
bandwidth, but its power is far stronger than that of cosmic sources, which are
not visible at all on this gure (requiring a longer integrat ion time). The strong
interference located around 170 MHz corresponds to a pageystem emitting
in the Netherlands. As an example, Figure 2.3 shows the cydiand conjugated
cyclic power spectra of this interference. Di erent cyclic frequencies de ne the
modulation scheme of the interference, and can be used in ocedto estimate this
interference spatial signature and mitigate it, as will be ®en in the following
chapters.

Modifying the radio telescope correlator input data, the artenna array co-
variance model can be generalized in order to take into acca the di erent
RFI properties seen in this chapter:

R(t; )= Efy (t Z)y (t+ 5)”9 (2.39)

wherey (t) = x(t)e it
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Figure 2.2: 150ms data acquired with a single LOFAR High BandAntenna in the
Netherlands. A strong pager signal can be seen at 170 MHz. (&ower Spectral
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Chapter 3

Spatial Itering

3.1 Introduction

The major advantage of phased antenna arrays is their abiliy to steer a direction-
of-interest electronically by coherently summing the sigrals coming from each
antenna. This operation is called 'beamforming'. However,the corresponding
radiation pattern presents sidelobes (see gure 3.1 for ingnce). Even if the
sidelobe gains are small compared to the main lobe gain, a sing interference
impinging the array through these lobes will corrupt the data.

RFI entering via side lobes are not the only way in which data br a phased
antenna radio telescope can be corrupted. Depending on its ain lobe width,
ying transmitters such as in satellites or airplanes can ako impinge the array
through the main lobe steering a source of interest. A third surce of radio
telescope data corruption is intermodulation products, ie. strong interference
polluting other frequency bands than the one of interest midnt also corrupt the
observation when the array receiver presents non-linearies.

RFI mitigation for radio astronomy is not only a matter of can celling the
interfering signals. More importantly for astronomers, the cosmic signal of in-
terest has to remain as far as possible intact.

Currently, the RFI mitigation strategy used for most antenn a array radio
telescopes is called 'agging'. The idea behind this techrmjue is to monitor
the spectrum during an observation and simply excise the caupted frequency
subbands at corrupted time-slots. This process can be doneutomatically in
real time, as well as manually with o ine post processing toadls. For instance, the
European radio telescope LOFAR provides a post-correlatio RFI classi cation
tool based on combinatorial thresholding [77].

Flagging techniques do not exploit all the information provided by the system
. spatial information, in particular, is not taken into acco unt. Spatial Itering
techniques have been developed for several decades to avaiterference imping-
ing telecommunication and radar antenna array systems [64] Spatial ltering
is also extensively used in the eld of microphone array systms [15].

In radio astronomy, antenna arrays are used either for beantrming appli-
cations, i.e. used as a sensitive and electronically stedske single antenna radio
telescope, or for radio interferometry applications, i.e. correlating the antenna
array output in order to create wide- eld-of-view radio ima ges. Depending on

33
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Figure 3.1: Directivity diagram of a 10-antenna Uniform Linear Array (ULA),
with 5 spacing, beamforming in the direction 90. The main lobe is centered
at 90 with unitary maximum gain.
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Figure 3.2: Antenna array radio telescope system. Signalscguired by antennas
are pre-processed (subband ltering and frequency shiftig), then correlated.
Spatial RFI Itering can be applied either before or after th e correlation process.

the use of the radio telescopes, spatial Itering techniqus are preferably used
before the correlation process, for example during the trakding of a cosmic source
of interest, or after correlation, for example before imagng the radio sky. Figure
3.2 shows where these processes can take place in an antenmaag system.

The spatial ltering technique (or techniques) chosen dep@&d on di erent
parameters, such as the type of observation, the expected plermances, and
also the available computational power.

The aim of this chapter is to present and compare spatial Itering techniques
that can be used for radio astronomy. We will consider the fdbwing narrow
band data model based on the one given in Equation 2.12:

X(t) = acc(t) + A; r(t)+ n(t) (3.2)

The signal c(t) is here the cosmic signal-of-interest. The signal spatiabig-
natures are here considered as being known. The following apter presents
techniques allowing their estimation. We omit here the souce spatial signa-
ture vectors time-dependence t) and spatial-dependence ( ) for the sake of
notation simplicity.

The di erent techniques presented in this chapter can be apfied either be-
fore or after the correlation process. However, the post-aoelation approach is
generally preferred since in most observational systems aabservation covari-
ance matrix is produced by default.

3.2 Beamforming

The idea of beamforming is to form a linear combination of theoutputs of each
antenna of the array [97, 98]. Weights applied to the antennaarray output
are chosen according to the direction of the source-of-intest (c(t)), but also
the desired attenuations in the directions of corrupting sairces ((t)) [52]. We
present in this section four popular beamforming techniqus. The rst of them,
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the delay and sum beamformeronly takes the source-of-interest direction into
account. It is a so-called data-independent beamformer sitce no information
about its environment is injected in its calculation.

3.2.1 Classical delay and sum beamforming

Knowing the source-of-interest location, de ned by a;, the basic idea of the
delay and sum beamformeis to build the Moore-Penrose inverse of this vector,
and apply it to the antenna array output vector:

e(t) = (a ac) taf x(t) (3.2)

whereeft) is the estimate of the source-of-interest signal. This kil of beam-
former is the optimal solution in the least-squares sense ia single source envi-
ronment. Applied to the data model de ned in Equation 3.1, we have:
|
1 X '
e(t)= —— kack®c(t) + alla,, ro(t)+ al n(t) (3.3)
kack? o1
with aff a; = kack?. The resulting noise contribution is a linear combination
of each antenna’s noise term. The attenuation factor for theinterference signals
rn (t) can be seen as dot products between the signal-of-interesteering vector
and the interference steering vector:

ag ar, = kackwkay, ki cos( a.;a,, ) (3.4)

where ., IS the angle between the two vectorsa; and a;, in the M-
dimensional antenna array data vector space. Depending onhe value of this
angle, the attenuation factor varies betweenk ack:ka;, k and +kack:ka, k. In
the event of non-orthogonality between these pairs of vects (ac and a,, with
n =1:N;), a remaining interference signal contribution cannot be aoided after
processing.

As an example, gure 3.3 shows the directivity pattern obtained with a delay
and sum beamformer while steering at the direction highlighed by the green
line on the gure. The beamformer has here been applied to a uiform linear
array made of 10 antennas with a spacing corresponding to hathe observed
wavelength. The nulls in the pattern (maximum rejection) are located at angles
where the respective steering vector is orthogonal with thébeamforming vector.
The maximum gain is obtained in the direction of interest.

This beamformer is the easiest to implement, since it does naequire any
further calculation to implement it. Its performances can however be improved
by using an apodization window [51]. In the same way as when &igning a
Finite Impulse Reponse digital Iter, applying an apodization window to the
beamformer coe cients (that are usually of equal magnitude) helps control the
main lobe width and the side lobes gain and thus obtain the ddsed spatial
response. Figure 3.4 shows the modi ed directivity pattern after applying a
Gaussian window ( gure 3.4.(a)) to the previous beamformer( gure 3.3). The
side lobe gains are lower after apodization, but the main lob width is larger,
potentially allowing more interference to impinge the array through this lobe.

The delay and sum beamformer is not suitable for multiple rado sources
environments since there is no option for attenuating any paticular direction



3.2. BEAMFORMING 37

-10

Gain (dB)
&

_35 1 1 1 1 1 1 1 1 J
0 20 40 60 80 100 120 140 160 180

Angle (°)

Figure 3.3: Directivity diagram obtained with a classical delay and sum beam-
former. Computed using a simulated uniform linear antenna aray made of 10

antennas with - spacing. The green line corresponds to the signal of interes
direction.
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Figure 3.4: Directivity diagram obtained with a classical delay and sum beam-
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and sum beamforming vector coe cients. (b) Directivity pat tern computed us-
ing a simulated calibrated uniform linear antenna array made of 10 antennas
with 5 spacing. The green line corresponds to the signal of intereslirection.
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in the eld of view of the antenna array. Even with apodizing the beamformer
coe cients, the interference might still be strong enough to saturate the radio
telescope receiver and/or corrupt the data, although data @an still be corrupted
without receiver saturation. However, in a non-corrupted environment, the
delay and sum beamformer presents the advantage of being gat implement
and to update (while tracking a source of interest) and comptationally cheap.
These advantages are even more important when the antenna ey contains a
large number of antennas. This approach is the one implemerd on current
antenna array radio telescopes, either on antenna array st&ons or at the central
correlation stage.

3.2.2 Multiple Sidelobe Canceller

The Multiple Sidelobe Canceller (MSC)[74, 48] uses two sub-arrays of the an-
tenna array radio telescope. The rst one, calledprimary array, beamforms
in the direction of the source-of-interest. The beamformirg technique used can
for example be a classicallelay and sum beamformerbut can also be a single
antenna. The idea is to optimize a beamforming weight vectorfor the sec-
ond sub-array, called auxiliary array, in order to minimize the mean squared
error between the output of these two sub-arrays in the absete of the signal-
of-interest. We call Xprim (t) the primary sub-array output and w" xaux (t) the
output of the auxiliary sub-array, with w the beamforming weight vector to be
optimized. The mean squared error between these two sub-aays is formulated
as:

MSE(W) = Efj Xprim (t) wH Xaux (t) jzg (3-5)

- 2 H T H
~ Xprim w rxaux X prim w rxaux X prim +w R aux W (36)

with:

2 the power of the primary sub-array output,

X prim

I'xam xpim L€ COITElation vector between the beamformed primary sub-
array output and the auxiliary sub-array output vector,

Raux the auxiliary sub-array output vector correlation matrix.

The function MSE(w) has to be minimal in the absence of the source-of-
interest's signal. Its derivative function with respect to w is [56]:

@@MSE(W):

Nulling this derivative function leads to the statisticall y optimal MSC beam-
former:

+ Rax W (3.7)

I'x aux X prim

— 1
Wmsc = Raux r‘Xaux X prim (38)

Even if this beamforming technique requires the absence ofhe signal-of-
interest, it might still be suitable for radio astronomical applications. The weak
power of cosmic sources makes their contribution to the tothoutput power very
low compared to the system noise and interference signals. hErefore, applying
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Figure 3.5: Directivity pattern obtained with a multiple si delobe canceller beam-
former. Computed using a simulated uniform linear antenna aray made of 10
antennas with 5 spacing. One antenna was used as a primary channel, the nine
other antennas were used as the auxiliary sub-array. Covasince matrices calcu-
lated over 32768 samples. SNR =0 dB. INR = 0 dB. The green line orresponds
to the signal of interest direction, the red line is the RFI direction.

the MSC beamformer on a phased antenna array radio telescopgould improve
the observation in a corruptive environment anyway, even wih a continuous
weak cosmic source of interest impinging the array.

Figure 3.5 shows an example of a Multiple Sidelobe Cancelledirectivity
pattern. This pattern was calculated after simulating a white Gaussian signal
of interest (with direction highlighted with a green line) and a white Gaussian
interference (with direction highlighted with a red line), with a 0 dB Signal to
Noise Ratio and a 0 dB interference to noise ratio, impinginga uniform linear
antenna array made of 10 antennas with, spacing. The covariance matrices
were calculated over n = 32768 samples. One antenna was usecrk as a
primary channel (instead of a sub-array), and the nine remaning antennas as
the auxiliary sub-array.

As long as cosmic sources can be neglected regarding the irfexing signals,
the MSC beamformer automatically rejects the interferencedirection of arrival.
If the latter condition does not hold, it would be necessary b consider another
kind of spatial Itering.
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3.2.3 Maximum SNR beamformer

The aim of the Maximum Signal-to-Noise Ratio beamformer is to maximize the
signal-to-noise ratio at the output of the antenna array beanformer wmnaxsnr -
Both system noise and interference are here considered as blgal noise term.
We consider here the data model based on the one expressed igu&ation 2.14:

R = gacacH + Rrsn (3.9)

whereR +n = A; R, A" +R,. According to this covariance data model,
the Signal-to-Noise Ratio at the output of a beamformerw is de ned as:

wHacalw
SNR= 2<% _ 3.10
CWHR,. oW (3.10)
The problem of the SNR beamformer is then written as [97]:
,wHacatw (3.11)

W —argmax {————
maxSNR gw ¢ wH RisnW

With Wmaxsnr  the estimate of the Maximum SNR beamformer weights
vector.

The solution of this optimization problem is given by the following Gener-
alized Eigenvalue problem:

2 H —
cAcAg WmaxsNR =  maxSNR Rr+nWmaxsNR (3.12)

wherewmaxsnr IS the eigenvector of the matrix §Rr+ n 1acag' associated
with its larger eigenvalue maxsnr , assumingR .+, is invertible. This assump-
tion usually holds since the system noise covariance matrixs by nature full
rank. Therefore, R, is full rank and invertible.

However, this technique requires an estimate or knowledgefd ., and a..
The vector a; corresponds to the direction of interest (cosmic source ohterest
direction). The matrix R, corresponds to the antenna array covariance ma-
trix R when the cosmic source of interest is not located in its eld éview or is
weak enough to be neglected. This matrix can therefore be estated using the
antenna array correlator output if the cosmic source is abset. Techniques to
estimate the interference-only covariance matrix are presnted in the following
chapter.

Figure 3.6 shows the directivity pattern obtained with a maximum SNR
beamformer on a uniform linear array made of 10 antennas with; spacing.
The covariance matrix was simulated using a single interfeznce and a calibrated
uncoupled system noise with a 0 dB interference to noise rati. The interference
direction is highlighted by a red line on the gure, and the direction of interest
by a green line.

The Maximum Signal-to-Noise Ratio beamformer achieves thebest SNR
possible at the output of the antenna array radio telescope However, this con-
dition only holds if the noise covariance matrix R ;. , is known. Any estimation
error for this matrix would lower the expected performance.
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Figure 3.6: Directivity diagram obtained with a maximum SNR beamformer.
Computed using a simulated uniform linear antenna array maa of 10 antennas
with 5 spacing. Single interference and calibrated uncoupled syam noise (INR

=0 dB) .The green line corresponds to the signal of interess direction, the red

line is the RFI direction.
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3.2.4 LCMV beamformer

The Linearly Constrained Minimum Variance (LCMV) beamformer is a tech-
nigue based on the minimization of the antenna array output \ariance con-
strained to a constant gain g in the direction of the source-of-interest. The
constrained optimization problem is formulated as follows

Wiemy =argmin wHRw;  subjectto wHa.= g (3.13)
w

This optimization can be solved using the Lagrange multiplers technique.
Using this technique, the Lagrange function related to thisproblem becomes:

L(; w)= wf'Rw  (wha. g (3.14)

with  the Lagrange multiplier related to the constraint of the problem. The
beamforming vector maximizing this constrained problem isthen given by:

1 1

——R 3.15
aHR la, & (3.15)

Wicmy = @

When the gain factor g is unitary, this beamformer is also known as the
Minimum Variance Distortionless Response (MVDR) or Capon beamformer.

The LCMV beamformer can also be extended to multiple constrints [96].
For instance, in the case of known static interference, it ca be interesting to
add a nulling of the interference direction of arrival as a bemformer constraint.
Consider the (M N, + 1) constraint matrix C containing column wise the
steering vector corresponding to the direction of interest( rst column) and N,
steering vectors corresponding ta\, static interference. The constraints of this
beamformer are then described as:

Clwiemy =g (3.16)

with g a constraints gain vector such that : g O 0. The corre-
sponding LCMV vector w cuy  is then de ned by the following expression:

wiemv =R !C(CHR 'C) g (3.17)

Figure 3.7 is a directivity pattern obtained using a LCMV beamformer. This
beamformer was applied to a uniform linear antenna array mae of 10 antennas
with 5 spacing. The simulated covariance matrix involves one sigal of interest,
with direction highlighted by a green line on the gure, and an interference, with
direction highlighted by a red line. The signal to noise ratio and interference to
noise ratio are both 0 dB.

Even if this beamforming technique seems computationally @pensive and
hard to implement, its major advantage is that it does not require any a priori
knowledge concerning the interference and system noise doibutions in order to
build it. However, injecting a priori knowledge concerningthe jammers locations
is possible with multiple constraints, and can improve its performances as long
as jammers remain static.
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Figure 3.7: Directivity pattern obtained with a LCMV beamfo rmer. Computed
using a simulated uniform linear antenna array made of 10 argnnas with 5
spacing. One signal of interest, One interference, SNR = 0 dBINR = 0 dB.

The green line corresponds to the signal of interest directin, the red line is the
RFI direction.
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3.2.5 Conclusions on beamforming techniques

Beamforming has been extensively studied [103, 65, 100],pexially for telecom-
munication applications [106]. These techniques are usulgl based on the signal
of interest properties (like wideband [32] or cyclostatiorary [27, 26] properties).

In radio astronomy, the signals of interest do not present paicular charac-
teristics since cosmic sources can be described as white Gaian noise signals.
That is the reason why most of the beamforming techniques camot be applied
to this eld. Some radio astronomical beamforming applicatons can still be
found in the literature [36, 87].

Spatial Itering is not limited to beamforming techniques. The next section
presents other approaches based on projections that use a abed antenna array
covariance matrix.

3.3 Projection techniques

The phased antenna array radio telescope data covariance mr& can be seen,
from a linear algebra point of view, as a linear transform matix. This ma-
trix generates a vector space called thedata vector space By construction,
this vector space is made of three subspaces known &F| subspace cosmic
source subspacend system noise subspaceWhile the system noise subspace
is considered as spatially white, i.e. uniformly distributed along the data vec-
tor space, the RFI and cosmic source subspaces are de ned bulsbasis. The
steering vectors of all interferences (respectively cosmisources) are seen as an
RFI (respectively cosmic source) subspace basis. Howeve,subspace basis is
not unique, i.e. dierent sets of vectors can generate the sme subspace. This
topic will be addressed in the following chapter.

The general idea of projection is to extend the kernel of a dat covariance
matrix, usually limited by the vector 0, to the interference subspace. This
operation is callednulling the RFI subspace. The consequence on the radio as-
tronomical observation is then the nulling of the power comng from the jammers
directions of arrival.

3.3.1 Orthogonal projection
Concept

Figure 3.8 illustrates an example of a 2-dimensional data v&or space in a
noise-free scenario. Both red and black vectors represenhé steering vectors
associated with respectively a cosmic source and an RFI socg. They therefore
generate the cosmic source and the RFI subspaces. The norm thfese vectors
represents the power of each one of these sources.

The underlying concept of interference mitigation using anorthogonal pro-
jector is to project the data vector space onto a subspace thais orthogonal
to the RFI subspace, and parallelly to it [83]. The projected RFI subspace is
completely nulled. The resulting data then contain only the cosmic source con-
tribution. It can clearly be seen on the gure that the recovered cosmic source
power, after projection, is attenuated by a factor dependirg on the angle be-
tween interference and cosmic source. Geometrically, ifgmJ is the recovered
cosmic source's power after projection, then:
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Figure 3.8: lllustration of the orthogonal projection applied to a 2-dimensional
data vector space

S = &sin(aga) (3.18)

with 2 the true cosmic source power and ac;a;, the angle between the
cosmic source and interference. Except in the case of orthogality, the cosmic
source will not be recovered perfectly without attenuation

Orthogonal projector construction

Consider a nite-dimensional vector spaceV and two vector subspacesv/; and
V>, so that V can be written as a direct sumV = V; V.. For each vector
X 2 V, a unique couple &1;x2) 2 (V1 V) exists so that x = X; + X2. The
projection p onto V; and parallel to V; is a linear transform de ned by the
following projection equation:

P(X) = p(X1 + X2) = X1 (3.19)
Moreover, if V1 and V, are orthogonal, then the transform p is an orthogonal
projection.
A projection has the following properties:

px)=x $ x2WV
Kerp=V,

Imp=V;
pisidempotent: p p=p

Like any linear transform, p can be written in a matrix form P. Any pro-
jection matrix is diagonalizable. In the case of an orthogoal projection, the
matrix is hermitian and therefore admits an orthogonal eigewalue decomposi-
tion. Its eigenvalues are '0' or '1'. Unitary eigenvectors orresponding to the
'0' eigenvalues generate the projectiorkernel subspaceand unitary eigenvectors
corresponding to the '1' eigenvalues generate theange subspace The rank of
a projection matrix is therefore equal to the dimension of its range subspace.
If H is a projection range subspace basis and a projection kernel subspace
basis, we have:
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PH = H
PK =0

The orthogonal projector with range generated by the basis mtrix H is then
de ned by:

P=H(H"H) *H" (3.20)

The orthogonal projector whose range is the subspace orthagal to H is
denoted P? and de ned by:

P? =1 H(H"H) 'H" (3.21)

Application to antenna array radio telescopes

Without any loss of generality, we consider here the followng single interference
data model:

X(t)= ar(t)+ Ac c(t)+ n(t) (3.22)

The interference subspace of this data model is here 1-dimeional. The
orthogonal projector projecting data onto the interference subspace is de ned
by [5, 89]:

P=a(a'a) 'a" (3.23)

The orthogonal projector projecting data onto a subspace ahogonal to the
interference subspace, so that both of these subspaces area direct sum, is
de ned by:

P? =1 a(a'a) 'a (3.24)

In the case of a multiple interference scenario, such as theatlh model de ned

in equation 3.1 for example, the interference subspace is rtitdimensional. This

subspace is the generated by the set of independent RFI staag vectors stored

in the matrix A,. In the same way, the orthogonal projector projecting data
onto a subspace orthogonal to the latter is de ned by:

P? =1 A(A"A)) A" (3.25)

An orthogonal projector can be applied at either pre or post-correlation
stages on a phased antenna array radio telescope data ow. Ahe pre-correlation
stage, the available data is the antenna array output data vetor x(t). The cor-
rected data vector Xcean (t) is then calculated in the following way:

Xclean (1) = P? x(t) (3.26)

At the post-correlation stage, the available data is the antenna array output
covariance matrix R. The corrected covariance matrixR ¢ean IS then obtained
with:

Reean = P?RP7? " (3.27)

P?’RP? (3.28)
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Performances and correction
We consider here the following narrowband data model basedroa single inter-
ference and a single cosmic source:

x(t) = acc(t) + a;r(t) + n(t) (3.29)

The covariance matrix of this data model, assuming the arrayis calibrated
and the signals mutually independent, is given by:

Py
1

Efxx"g (3.30)
facat + Zaaft + (3.31)

with 2, 2 and 2 respectively the powers of the cosmic source signal, the
interference signal and the system noise. We will considemnithe following the
signals to be stationary and the covariance matrix only giva for a time-lag
= 0. Thus, we will omit the time and time-lag dependence in the covariance
data model.
The power reached in the arbitrary direction given by the steering vector w

is:
2 = wHRw (3.32)

2 is obviously corrupted by the interference and the cosmic sarces im-
pinging the antenna array through the side lobes generatedythe spatial Iter
w. We consider now the power v2vc|ean calculated with the cleaned covariance
matrix given in equation 3.28:

vzvmean = wH R clean W (3.33)
=wHP’RP?w (3.34)
= Worth HRw orth (3.35)

with worn = P? w the orthogonal projection beamforming vector. Expand-
ing this equation, we nd out its closed form expression:

\?Vclean = g k ac k2 2 Re( ac ar)+ k k2k ar k2 (336)
+ A1k oK (3.37)
with:
the dot product betweena, anda. : = a,Hac

a, the dot product betweenw and a, : 5 = wHa,

a. the dot product betweenw and a; : . = w" a.

The interference no longer contributes to the recovered poar 2 L f

Welean

the source of interest is the cosmic source, beamforming ins direction leads
to w = ac. In this case, the cosmic source power is attenuated by a faot
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depending on the dot product between the interference subgre and the cosmic
source subspace:

2 = 21 k kKH)%2+ 21 k K?) (3.38)

Ac clean

If these subspaces are orthogonal (this con guration is notikely), we have
= , =0and , = kack? The recovered power 22  becomes:

ac clean

K (3.39)

Ac clean

The orthogonal projector modi es the cosmic sources subspze. Raza et al.
( [83], see also [93])proposed a correction technique allovg an unbiased esti-
mation of the cosmic source and noise covariance matrix. Basl on knowledge
of the orthogonal projection matrix, the modi ed remaining subspace can then
be corrected.

The correction matrix, applied to the projected covariance matrix Rgean iS
based on the projection matrix P? and needs to be invertible. The technique
proposed by Raza et al. therefore uses time-averaged shorefm projection
matrices. The related issue is the interference subspacet@sation error that
increases with the covariance matrix time integration reduction. The projection
matrices might then be ine cient to project the RFI subspace out of the data
vector space. Moreover, the correction technique is compationally expensive
(requiring multiple covariance matrices).

Based on these observations, we propose an oblique projemti approach that
does not require any correction to retrieve the signal of inerest subspace [54].
This approach requires more a priori information, but preseits the important
advantage (in radio astronomy) of not distorting the cosmic source of interest
subspace.

3.3.2 Oblique projection
Concept

Although the orthogonal projection performs deep RFI nulling, the distortion

of the recovered cosmic source subspace remains an issue.isTalistortion is due
to a data vector space projection onto a subspace dependingnahe interfer-

ence subspace only, i.e. orthogonal to this subspace, with taking the cosmic
source of interest into account. Figure 3.9 shows the 2-dinmesional concept of
an oblique projection. Here again, the black arrow represds the interference
subspace, and the red arrow represents the cosmic source space. Their norms
de ne their respective powers.

The projection is still done parallel to the interference sibspace, but this
time onto the cosmic source subspace. As can be seen on the m the cos-
mic source subspace is perfectly recovered. This projectiois equivalent to an
orthogonal projection in the case of orthogonality betweenthe cosmic source
and the interference subspaces. But this condition is no loger needed with an
oblique projector.

Obligue projection construction

It has been seen in the previous section that the orthogonal jection can be
de ned according to either its range subspace or its kernel ghspace since both
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Figure 3.9: lllustration of the oblique projection applied to a 2-dimensional data
vector space

subspaces are involved in a direct sum. The oblique projectg13] is based on
the orthogonal projector, taking only its range subspace iraccount. Keeping the
same notations as before, we saw thatl is a matrix de ning the range subspace
of the orthogonal projector P. No assumption was made on the orthogonality
of this matrix. We can therefore split this basis matrix into two sub-basesH ;

and H, suchthat H = H; H», i.e. the subspaces generated bid; and H

are involved in a direct sum:

H :[Hl H2] (340)

H, and H, therefore generate two distinct subspaces dfl, but do not have
to be orthogonal. We can now write the expression of the orthgonal projection
whose range subspace is de ned by the matriH :

o
|

= H(H"H) H" (3.41)

Hi"H: Hi"H, ' H."
Ho"H: H.MH, H,"

Hi H (3.42)
Using the following analytic blockwise inversion formula:

1

A B Al+A B(D CA 'B)CA ! A !B(D CA !B)!?
cC D -~ (D CA !B) IcA ! (D CA 1B)1?
(3.43)
we get the following expression of:
P= EH1H2+EH2H1 (3'44)
with:
( 1 H
EHle = H1 0 HHH H
Ew,u, = O Hp HHH ‘H "
Evin, = Hi(H:"PY Hi) H"PY,

En,n, = Ha(H2"PY Hz) H"PY,
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with P =1 Ha(H2"Hz) *H™" andP7, =1 Hi(H:"Hy) H,"
respectively the orthogonal projectors with range the subpace orthogonal to
H, andH;. Ey,n, and Ey,n, are obviously idempotent and we have:

8

3 Ev,n,H1 = Hi
EH1H2H2 = 0

g EHzHlHl = 0

" Enu,H2 = H2

En,n, (resp. En,n,) is therefore a projection matrix with range H1 (resp.
H,) and kernel H, (resp. H1). This kind of projection allows the parametriza-
tion of the range and kernel subspaces without requiring othogonality between
them. Moreover, the kernel subspace oP being orthogonal to H, this subspace
is also part of the kernel subspaces dEy,, and Ey 4, -

Applied to an antenna array radio telescope, the oblique prgector requires
the de nition of a range and a kernel subspace. To t with the problem, the
interference subspace will be considered as being the prejer's kernel sub-
space, whereas the direction of interest's steering vectawill generate the range
subspace of the projector.

Consider the data model de ned in equation 3.22. The kernel gsbspace to
choose for this data model will be the one generated by the imtrference steering
vector a,. Suppose the direction-of-interest is de ned by the arbitrary steering
vector w. The oblique projector is then de ned by:

Ewa, = WW"PZ w) ‘wHPZ (3.45)

with P2 =1 a(afa;) 'a. Again, if the interference subspace is mul-
tidimensional, i.e. the subspace is no longer generated by single vectora, but
by an interference subspace basis matriXA, (multiple interference scenario),
the oblique projector is de ned by:

Ewa, = WW"PZ w) 'wHPZ (3.46)

with P2 =1 A (A"A;) A M.

Like the orthogonal projector, the oblique projector can be applied either
before or after the correlation process. Applied on a pre-aoelation stage, the
received corrected data vectorXcean (t) is obtained in the following way:

Xclean (t) = Ewa, X(t) (3.47)

At the post-correlation stage, the received cleaned outputtovariance matrix
is de ned by:

Rclean = Ewa,RE\|,_|\,z,1r (3.48)

The range subspace of the oblique projector can also be muitimensional
and de ned by a basis made of several steering vectors cornesnding to di erent
directions of arrival. However, the building of such a projection matrix has to
respect a direct sum between the range and the kernel subspac
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Performances

The oblique projection matrix is applied in the same way as the orthogonal
projector to the antenna array covariance matrix. Considerthe steering vector
w pointing in an arbitrary direction. The data model used is the one de ned in
equation 3.29. Applied to its covariance matrix, we have:

\%Vdean = wH R clean W (3.49)
= wHEy., REN, w (3.50)
= Wop ' RW gp (3.51)

with weop = Ewa,W the oblique projection beamforming vector. With the
same notations as 3.37, the closed form expression of _ for the considered
data model becomes:

2 - 2
Welean c

FRENGE jad® 2Re( o a)*+iifial® (352
ar

2 1

n

+ I
1 af

(3.53)

Beamforming the array in the direction of the cosmic source binterest leads
again tow = ac. This time, the recovered power is expressed by:

1
S 3.54
8c clean c n 1 J j2 ( )
Reasoning in term of signals contributions recovery, the cemic source contri-
bution is totally recovered after an oblique projection beanforming. However,
the noise contribution is ampli ed by a factor depending on the dot product
between the interference and the cosmic source subspaces.

3.3.3 Comparison between oblique and orthogonal projec-
tion beamforming techniques

Table 3.1 summarizes the e ect of the spatial Itering methods on SOI, RFI
and noise powers (respPso; , Prer @nd Ppoise ) Using the classic delay-and-sum
beamforming ( 3, ), orthogonal projection beamforming ( 2., ) and oblique
projection beamforming ( 2,), with 2 the true SOI power and 2 the true
RFI power. According to this table, the oblique projection beamforming ap-
proach is able to recover the power reached in the SOI direatin without any
error whereas the orthogonal projection beamforming presgs an error whose
magnitude depends on the dot product .

Figure 3.10 shows the relative error of these techniques in aoise-free sce-

nario (i.e. 2 =0). This relative error is de ned as

_ Psol 2
= S0 (3.55)

The simulation parameters are:
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2 2 2

class orth obl
Psol 2l zaj P2 2
PrFI Z 2 0 0
Proise 2 2 A e

Table 3.1: SOI, RFI and noise power after classic delay-andum beamforming,
orthogonal and oblique projection beamforming.

60 randomly distributed antennas array,
One cosmic source with power 5 dB,

One interference with Interference to Signal Ratio = +30 dB.

The relative errors made with the Delay and Sum beamformer ad the Or-
thogonal projector are highly dependent on the dot product ketween the inter-
ference steering vector and the source of interest steeringectors. The relative
error made with an oblique projector is constant over this dd product range
(from 0 to 1), its value is around 10 4. No matter what the method, the relative
error will always be maximum when the dot product between theinterference
and the source of interest subspaces equals 1. In this casegth subspaces are
mingled.

Figure 3.11 depicts maps made with beamforming over the eldof view of
a simulated randomly distributed M = 48-antenna array radio telescope. The
interference is +10 dB stronger than the cosmic source, in a oise-free scenario.
Covariance matrices are estimated over 2048 samples. Figar3.11.(a) and Fig-
ure 3.11.(b) show respectively a skymap without interferece and a skymap
corrupted by a strong interference (INR = +10 dB). Figure 3.11.(c) and Fig-
ure 3.11.(d) are respectively the corrupted data after ortrogonal and oblique
projection. Figure 3.11.(e) and Figure 3.11.(f) show the réative error between
the data processed by the orthogonal projector and the inteference free data,
and between the data processed by the oblique projection beaforming and the
interference free data respectively, over a small area arad the cosmic source
of interest.

These simulations show that the oblique projection approah, although more
information is required to build it than for the orthogonal p rojector approach,
o ers less distortion on the recovered power.

Closely related to the projection approach, the interfererce subspace subtrac-
tion is another spatial Iltering approach based on the additive and uncorrelated
radio astronomical data model. With this approach, each interference steering
vector has to be known or estimated. The interference contiiutions are then
removed one after the other from the data model after estimaing their power.

3.4 Interference subspace subtraction
As the interference subspace has to be estimated anyway, atieer approach con-

sists in subtracting it from the antenna array covariance marix. Let's consider
the following covariance data model:
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Figure 3.10: Relative error of the Delay and Sum beamforming Orthogonal
and Oblique projection beamforming techniqgues.M = 60 randomly distributed
antennas, noise-free model, one cosmic source (power =5 dB), one interference
(Interference to Signal Ratio = +30 dB), averaged over 512 trials.
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Figure 3.11: Example of beamforming imaging with a simulatel randomly dis-

tributed M = 48-antenna array radio telescope. Noise-free model, RFId SOI

ratio = +10 dB, NSamples = 2048. (a) Skymap without interfere nce (in dB).

(b) Skymap corrupted by an interference. The cosmic sourcesi no longer visi-
ble (in dB). (c) Skymap after orthogonal projection (in dB). (d) Skymap after

oblique projection (in dB). (e) Relative error near the cosnic source calculated
between the data processed by orthogonal projection beamfming and the in-

terference free data (linear scale). (f) Relative error neathe cosmic source
calculated between the data processed by oblique projectiobeamforming and
the interference free data (linear scale).
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X
R = Zara, "+ Ac Re A+ Ry (3.56)
i=1

Subtracting the interference contribution from this data m odel would allow
one to recover an interference-free data model:

W
R Zarat = Ac Re A+ R, (3.57)
i=1

The next chapter presents di erent techniques to estimate he interference
subspace. In order to apply the interference subspace sulgction technique, it
is also necessary to estimate their individual power. We wil rst consider the
caseN; = 1. We have then the following data model:

R = rzI ar arH + Rclean (3.58)

with R¢ean the cosmic sources and noise covariance matrix. The idea bigtal
the subtraction technique is to estimate the right quantity rzi and use it to
subtract rz‘ a.al, with &, the estimated interference steering vector, fromR.

The squared Frobenius norm of a covariance matrix is equal tdhe sum of
its squared singular values. Moreover, the sum of a covariae matrix singular
values is equal to the total power received at the antenna amy. This quantity
is therefore larger than or equal to zero. Estimating the inerference power then
consists in minimizing the following contrast function:

2

f(;a)= R aré-lr—1 F

(3.59)

The powers of all signals in the data model (interference, camic sources and
system noise) being second order statistics, they are posie and the function
f (; &) admits therefore a global minimum. The interference powerestimate
AZ is then given by:

AZ = argmin f(; &) (3.60)

The estimate "rzi is easily found by derivating f ( ; &):

@f . 4y- @ H o2

@(,ar) @ R aa _ (3.61)
- 2e(R - aahHR  a ) (3.62)
= @@tr(RRH) 2 tr(R& &%)+ 2tr(aaMaat) (3.63)
= 2tr(Raa)+2 tr(aaaat) (3.64)

Nulling this derivative leads to the single global minimum, regarding , of
the function f (; &):
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@f
@( ;a)=0 (3.65)
tr(Ra, &)
=nE= 3.66
: "= W(aaraan) (3.66)
Moreover, if the vector &, is built as a unit vector, we have:
N2 o=tr( RaA) (3.67)

Figure 3.12 shows a simulated example involving three weakosmic sources
(SNR = 5 dB) and one strong interference (INR = 0 dB) (see Figure 3.12a)).
The constraint function f (; &) is shown on Figure 3.12.(b). The interference
power rzi is then estimated. The red circle on Figure 3.12.(b) points at the
minimum of the function. Using this estimate, a new covariarce matrix is built
based on this value and the estimated interference subspac@nd subtracted
from the classical covariance matrix. Figure 3.12.c is thelgymap obtained after
processing. It is clear that the interference has been mitigted and that the
three cosmic sources are much more visible.

The interference subspace subtraction technique can alsoebused in a mul-
tiple interference scenario. In this case, the idea is to itetively estimate one
interference steering vector at a time, and its power usingts contrast function
f(;&,), n=121:::N;. Once the N, interference steering vectors and powers
have been estimated, the cleaned covariance matrix is obtaed with:

X
’chean =R /\r2i ar a';-i (3.68)

i=1
The interference subspace subtraction technique is not stable for a pre-
correlation real time application, and can only be applied f individual interfer-

ence steering vectors can be estimated. In a single interfence scenario, this
technique presents a lower computation cost than the projetion techniques.

3.5 Conclusions on spatial Itering

Depending on the antenna array radio telescope use (phasedray for single
pixel tracking or interferometer for imaging), many spatial Itering techniques
can be applied. Di erent criteria have to be taken in account

the available computational power,
the cosmic source of interest and interference power,

the expected performances (in terms of interference atteration and signal
of interest recovery),

the interference subspace estimate quality

The main point of spatial Itering is to recover the signal of interest as much
as possible. Beamforming techniques tend to attenuate paitular directions
of arrival (interference directions of arrival) by keeping a constant gain in the
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Figure 3.12: Interference subspace subtraction. Skymapsigen in dB. (a) Sim-
ulated skymap with three weak cosmic sources (SNR = 5 dB) and one strong
interference (INR = 0 dB). (b) Interference subspace subtration constraint
function depending on . The red circle indicates its global minimum (interfer-
ence power estimate). (c) Skymap made of the estimated intéerence covariance
matrix subtracted from the classical covariance matrix.
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direction of interest. Projection techniques are based on wubspace nulling. It
has been seen in this chapter that the orthogonal projector right distort the
signal of interest subspace, while the oblique projector &ws a better recovery
of signals of interest.

The Table 3.2 summarizes the di erent spatial Iters presented in this chap-
ter (MSC, Max SNR, LCMV, Orthogonal and Oblique projection). x(t) corre-
sponds in this table to the antenna array output vector, whereasXgiean (t) is the
Itered and beamformed output. The spatial signature of the cosmic source of
interest is ac. For other de nitions, please refer to the corresponding setions.

The Figure 3.13 compares the di erent techniques presenteéh this chapter.
These techniques are here compared according to their rejiian in the direc-
tion of the interference and their gain in the direction of the source of interest.
The performances are given according to the interference taoise ratio ( gures
3.13.(a) and 3.13.(b)), the signal lengths over which the derent covariance ma-
trices have been estimated (gures 3.13.(c) and 3.13.(d)) ad the dot product
between the interference and cosmic source of interest sytsces ( gures 3.13.(e)
and 3.13.(f)). For each scenario, the results have been aveged over 256 trials.
The antenna array is a uniform linear 10-antennas array with 5 spacing. Both
simulated interference and signal of interest are white Gassian noises. The
Delay and Sum beamformelis not corrected by any apodization window. Con-
cerning the Multiple Sidelobe Cancellerbeamformer, the primary channel is an
arbitrary single antenna of the array, and the remaining subarray is then used
as the auxiliary sub-array. The LCMV beamformer used in these simulations is
the single constraint one (only one constraint concerning he direction of inter-
est). Both interference and cosmic source of interest spadi signatures are here
perfectly known.

Unlike the Delay and Sum beamformerthe other three beamformers pre-
sented in this chapter (Multiple Sidelobe Canceller Maximum SNR beamformer
and LCMV beamformer) require extra knowledge for their calculation (a pri-
ori knowledge about the signal of interest or the interferere and system noise
contributions). Any lack of information or estimation erro r would lead to much
lower performances than expected. The simulations preseat here do not take
these uncertainties into account.

Beamforming techniques based on a covariance matrix are hidy sensitive
to the number of samples over which the matrix has been estimad. The De-
lay and Sum beamformerdoes not show any variation regarding the simulation
parameters. This result was expected since no information lzout the corrup-
tive environment is taken into account during its construction. The Multiple
Sidelobe Cancellemusually performs poorly. Even if its performances asymptot
ically tend to those of the Maximum SNR beamformerand LCMV beamformer,
this beamformer is not suitable for real time applications. The Maximum SNR
beamformer performances are as good as those of tH&CMV beamformer.

Concerning the projection techniques, rejection in the diection of the inter-
ference is in each scenario much better than any beamformintgchnique, except
for the Oblique projector when the cosmic source subspace tends to be mingled
with the interference subspace. However, the recovery of # cosmic source is
better with the Oblique projector than with the Orthogonal projector since the
gain in its direction is 0 dB in any scenario. The gain in the drection of inter-
est is a ected by the dot product between the signal subspacg when using the
Orthogonal projector.
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The interference subspace estimation is crucial for spatia Iltering tech-
nigues. The weakness of cosmic sources imposes long time aattegration in
order for their signals to emerge from the noise level. Any iterference Itered
out with a poor interference subspace estimation, regardiss of the ltering tech-
nique, will still corrupt the data and make it unusable for further astronomical
processing. The next chapter addresses this problem.



De nition Output Vector
MSC M Xau Xprim = Ef Xaux (t)xprim ()9 | Xclean (t) = Xprim (t) WI\H/ISCXaUX (t) Wmsc = Raulxrxauxxprim
Rauwx = EfXaux (t)XEux (t)g
Max SNR | R¢ = Eaca? Xclean (1) = WmaXSNR X(t) Rr+ln RcWmaxsNR = maxSNR WmaxSNR
Riin = Ay R ArH + Ry
LCMV R = Efx(t)x" (t)g Xclean (1) = W{gmy X(1) Wiemv = gﬁR Tac
Orthogonal [ P” =1 a/(al'a;) af Xclean () = W, X(t) Wp> = P7ac
projection
Oblique Eaa = ac(@f P ac) 'ap P}, Xclean (t) = wEaca x(t) We, ., = ENac
projection '

Table 3.2: Summary of the di erent spatial Itering techniq ues presented in this chapter.
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Figure 3.13: Spatial Itering techniques comparison. The gatial signatures a.
and a, are here perfectly known. The simulated antenna array is a uiform
linear 10-antenna array with 5 spacing. Each result was averaged over 256
trials. INR = 10log 1o( 2= 2). SNR = 10log;o( 2= 2). (a) and (b) Respectively
interference attenuation and direction of interest gain with varying Interference
to Noise Ratio. Signals lengths : 2048 samples, dot productdiweena; and

a; : = 0:5. (c) and (d) Respectively interference attenuation and drection
of interest gain with varying signal lengths. INR = 0 dB, SNR = 0 dB, dot
product betweena;, and a, : = 0:5. (e) and (f) Respectively interference

attenuation and direction of interest gain with varying dot product between a.
and a;. Signal lengths : 2048 samples, INR = 0 dB, SNR = 0 dB.



Chapter 4

Interference subspace
estimation

Most of the interference mitigation techniques, as seen inhe previous chapter,
require knowledge of the interference subspace. Their perfmances are highly
correlated with the interference subspace estimation acaacy. Inaccurate esti-
mations lead to astronomical data deterioration.

Each interference being de ned by a steering vector, the sebf steering vec-
tors of all the interference signalsA, is a basis of the interference subspace.
The whole data vector space can then be considered as a direstm between
an interference subspace, a cosmic source subspace and aseasubspace.

The previous chapter assumed that all spatial signatures ointerference and
cosmic sources were perfectly known. This chapter addressé¢heir estimation.

A basic approach to estimate an interference steering vectowould be a
geometrical approach. The majority of jammers have a xed lccation, or a
predictable trajectory. The knowledge of the antenna arrayradio telescope lo-
cation, as well as the jammer location and frequency, givesraaccurate steering
vector model of the interference considered. However, usinthis approach re-
quires a perfectly calibrated antenna array. Any calibration error would also
alter the spatial ltering performances.

Knowing each one of the RFI steering vectors is not requiredhiough. There
is no unicity in a subspace basis, and another set of vectorsoatained in the
initial data vector space, an orthogonal set for instance, an also span the same
subspace as the one generated b .

Depending on the kind of data available (time series, covaence matrices,
cyclic covariance matrices, etc), di erent techniques of nterference subspace
estimation can be chosen. In this chapter we present di erehtechniques, each
one being based on a particular type of covariance matrix, ol set of them.

4.1 Covariance matrices
It was seen in chapter 2 that di erent aspects of an antenna aray radio telescope
data model can lead to di erent covariance matrices. Even ifonly the classical

covariance matrix is estimated at a radio telescope correlion stage, this chapter
presents the advantages o ered by other types of matrices.

63
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4.1.1 Classical covariance matrix

We consider here the classical antenna array covariance mat model de ned

in Equation 2.14. Without the multipath e ect, and neglecti ng noise coupling,
the matrices R, R; and R, respectively the RFI, cosmic source and system
noise covariance matrices, are diagonal. Interference sigl powers are usually
stronger than cosmic sources' powers. Typical Interferene to Noise ratios are
located between 70 dB up to +50 dB, whereas cosmic source powers are around
20 dB below the system noise level. Therefore, by neglectintpe cosmic source
contribution, this second-order data model can be rewritten as:

R = Rgrri + Rnp (4.1)

with the interference-only covariance matrix de ned by:

Rrei = A(R(A " (4.2)

and has, by de nition, a rank equal to N, , the number of interference signals
impinging the antenna array. Due to subband ltering, it is a ssumed that
N, M. Applying an eigenvalue decomposition toRgr, leads to:

Rre = USU M (4.3)

with S a diagonal matrix containing the eigenvalues ofRgg, in its main
diagonal and U a unitary matrix containing the column eigenvectors of Rgg|
such that UUH = UHU = I.

The rank of Rrg; being N, N, eigenvalues are nonzero an N, eigen-
values equal zero. Assuming these eigenvalues are sorted decreasing order,
Equation 4.3 has the following structure:

Rre; = USUM

ss 0 u"
0 0 u,"

Ur U n (44)

The diagonal submatrix S; has a sizeN, N, and contains the nonzero
eigenvalues oRgg; in its main diagonal. The column eigenvectors correspond-
ing to these eigenvalues are stored in thé1 N, submatrix U,. SinceRgf
is hermitian, this vector set is an orthogonal basis of the iterference subspace.
Without further assumption, i.e. without orthogonality be tween the interfer-
ence steering vectors and assuminl, > 1, there is no direct link between
these vectors and the di erent interference steering vectes. TheM (M N;)
submatrix U, is a basis of the kernel subspace ®Rrr) .

Consider now the covariance data model expressed in Equatiod.1. Assum-
ing the antenna array is calibrated, R, is a diagonal matrix containing equal
elements in its main diagonal, i.e. R, = 21, with 2 the total noise power
received on a single antenna [88, 65].

Any eigenvector of Rgrr; is also an eigenvector ofR : Suppose ; is the
i™ nonzero eigenvalue oR g, , and u; its corresponding eigenvector. Then we
have:
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Ru; = (Rgrr + Rp)u;

Rrri Ui + RpU;

= juj + ﬁUi
( i+ 2u (4.5)

The eigenvalue decomposition oR can then be written as:

)
|

= UShoisy u*
Sr+ ﬁlNr N, 0 UTH
0 flw Ny mon Uy

Ur Uy (4.6)

with In, n, and v n,) (v n,) respectively theN, N, and the (M
N;) (M N;) identity matrices. An interference subspace basis can sfiibe
estimated. This basis will be made of the eigenvectors corsponding to the N,
non-constant eigenvalues oR.

However, without a noise whitening process, the noise covance matrix
R, can practically no longer be considered as diagonal, becaa®f mutual cou-
pling or a nite sample e ect for instance, the noise subspae is distorted and
non spatially white. Then, the eigenvalue decomposition canot highlight an
interference subspace basis anymore. In the same way, if theoise power is
not constant over the antennas, an eigenvalue decompositioof the covariance
matrix might also not highlight an interference subspace snce there will not be
constant eigenvalues.

Figure 4.1 depicts for instance the in uence of the nite sample e ect on the
covariance matrix eigenvalues estimation [20]. In this siralation, 4 interference
signals are assumed to impinge an antenna array made & = 20 elements. The
blue asterisks are the eigenvalues of a theoretical covamae matrix. Estimating
this covariance matrix over 128 samples (red asterisks), @ samples (green
asterisks) and 65536 samples (magenta asterisks), the madesR, and R, are
no longer diagonal and the retrieved interference and noissubspaces are only
distorted estimates of the real ones.

Moreover, the classic eigenvalue decomposition techniquis based on the
assumption that cosmic sources have negligible power. If npan eigenvalue
decomposition of a covariance matrix estimate will only lea to a signal subspace
basis estimate:

R, 0 A"

R: Ar AC 0 RC ACH

+ Rq 4.7)
The RFI and cosmic sources subspaces would no longer be digguishable
after applying an eigenvalue decomposition toR since those subspaces are not

orthogonal. Therefore, the signal subspace would containite contributions from
both interference and cosmic sources. Retrieving an inteefence subspace basis
estimate would be impossible. Moreover, a spatial Itering based on a signal
subspace estimated through the classic eigenvalue decongtion would in this
case suppress the interference and the cosmic sources.
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Figure 4.1: Classical covariance matrix eigenvalues estiates. Simulated data
model involving 4 white Gaussian interference signals and avhite Gaussian
additive noise impinging a 20-element antenna array. Blue :theoretical eigen-
values. Red : eigenvalues estimated over 128 samples. Greenreigenvalues
estimated over 1024 samples. Magenta : eigenvalues estineat over 65536 sam-
ples.
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The INR can also lead to an inaccurate interference spatial ignature esti-
mation. The gure 4.2 shows an example of simulated data befre and after
projection with an interference subspace estimated with a lassical covariance
matrix SVD. The simulated radio telescope is a randomly distibuted 48-antenna
array. The data contain one single interference, modeled aa white Gaussian
noise, and calibrated system noise modeled as white Gaussiaoise with equal
power on each receiver. The covariance matrix was estimateover 2048 samples.
All skymaps are given in dB.

The gure 4.2.(a) shows a skymap corrupted with a strong inteference (INR
= +10 dB). The interference can easily be localized, as it coresponds to the
strongest area on the map (highlighted by a magenta circle).After estimating
the interference mono-dimensional subspace, an orthogohgrojector is built
and applied to the data. The resulting skymap can be seen on gre 4.2.(c). The
gure 4.2.(b) shows the skymap corrupted with a much weaker nterference (INR
= 10 dB), located in the same area as in the gure 4.2.(a). The iterference
power is now lower than the noise power. Estimating the inteference subspace
using the strongest singular value of the classical covariece matrix leads to a
wrong estimate. The gure 4.2.(d) shows the recovered data #ier applying an
orthogonal projection with the interference subspace esthate. The projected
data clearly do not correspond to the interference.

4.1.2 Cyclic covariance matrices

When cosmic sources cannot be neglected, the previous metthaloes not dif-
ferentiate between cosmic source and interference subspez Getting rid of
the cosmic source and the system noise contributions impr@s the interference
subspace estimation. The techniques described here are leson statistical
properties that only interference signals present. As seem section 2.4.2, most
telecommunication signals are cyclostationary, unlike tle system noise and cos-
mic sources (except for some pulsing radio sources). Knowgnthe cyclic or
conjugate cyclic frequencies, by a priori knowledge or by estimation, leadsd
a cyclic covariance matrix calculation. Consider a cyclostationary interference
r ,(t) at cyclic frequency o, o 6 0, impinging an antenna array:

x(t) = ar )+ Ac c(t)+ n(t) (4.8)

The (-cyclic covariance matrix of this data model is de ned by:

R o= ,°%aaf + AcR. A+ 02 (4.9)

aa + Redona * Rp, (4.10)

(ana  Rogsmio * Rey '
[Cezms ™

The cosmic sources and the system noise being stationary byature, their
cyclic contributions for a cyclic frequency 6 0 are zero. Applying a singular
value decomposition toR © leads to:

R° ,°%aa" (4.11)
= usv " (4.12)
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Figure 4.2: Impact of the INR with the classical covariance natrix SVD. Simu-
lated randomly distributed 48-antenna array radio telescge, 1 RFI, covariance
matrices estimated over 2048 samples. Skymaps are given iBd(a) INR = +10
dB. (b) INR = 10 dB. (c) INR = +10 dB after orthogonal projection with
interference subspace estimated with the classical covamce matrix SVD. (d)
INR = 10 dB after orthogonal projection with interference subspa&e estimated
with the classical covariance matrix SVD.
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By construction, the matrix S is a diagonal matrix containing one nonzero
singular value andM 1 zero singular values oR ©°. By de nition, the nonzero
singular value is related to the (-cyclostationary interference, and its corre-
sponding singular vector is an estimate of the interferencesteering vector:

Ui =Vvy =& (413)

with u, the rst column vector of the matrix U and v; the rst column
vector of the matrix V if the singular values ofR ° in S are sorted in decreasing
order.

If more than one interference impinge the antenna array, thg are unlikely
to share the same cyclic frequency. Therefore, the cyclic variance calculated
regarding one particular cyclic frequency g is more likely a rank-1 matrix. The
advantage of this technique is that interference steering &ctors are estimated
one at a time, and it allows the Itering of one particular int erference or the
nulling of one particular 1-dimensional subspace of the dat vector space.

Figure 4.3.(a) shows a simulated skymap where two pure carer signals are
impinging an antenna array at the horizon. Their frequencies are respectively
f1 =0:1andf, =0:25. Figure 4.3.(b) is the conjugate cyclic power spectrum
acquired on a single antenna. Three peaks can clearly be seahthe conjugate
cyclic frequencies 1 =0:2( =2 fi)and ,=0:5( =2 f3). The third
peak is an intermodulation product e ect at cyclic frequency 3=0:35(f1+f>).
Applying a singular value decomposition on both conjugate gclic covariance
matrices at 1 and  allows us to estimate separately the steering vectors (and
therefore the directions of arrival) for each interferenceindependently ( gure
4.3.(c) and 4.3.(d)).

If more than one cyclostationary interference share the samcyclic frequency,
then the cyclic covariance matrix calculated at their cyclic frequency will have
a rank greater than one. This rank, given by the amount of nonero singular
values, indicates the number of cyclostationary interferaces impinging the array
and sharing the same cyclic frequency. The singular vectorsorresponding to the
non zero singular values of the matrix form then an orthogonabasis spanning
the same subspace as the one generated by the basis made ofth# individual

o-Cyclostationary RFI.

The cyclic singular value decomposition technique is an e dent way of es-
timating an interference subspace by attenuating the cosmi source and the
system noise contributions. However, this technique requies knowledge of the
cyclostationary interference cyclic frequencies. If notjt would require estimat-
ing them by calculating a cyclic spectrum based on the antena array output
data. The technique is also computationally expensive : a aslic covariance
matrix has to be calculated for each interference at di erert cyclic frequencies.
However, this issue can be solved by e ciently sharing the cetral correlator
resources.

4.1.3 Time-lagged covariance matrices

Cosmic source and system noise signals are usually assinidd as stochastic pro-
cesses, unlike interference signals [105]. Most of them acenstructed following
modulation schemes, and become therefore deterministic pcesses. A major
di erence between stochastic and deterministic processeis the autocorrelation
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Figure 4.3: Cyclic singular value decomposition interferace subspace estima-
tion. All gures given in dB. (a) Simulated skymap with two cy clostationary
interferences (48-antenna array,INR ; = 0dB, INR; = 0dB) (b) Conjugate
cyclic spectrum of acquired data. Three peaks can be seenat =0:2, ;=0:5
and ; = 0:35. The cyclic power at 3 is an intermodulation product e ect.
(c) Interference subspace estimate using a conjugate cyclicovariance matrix
calculated at 1. (d) Interference subspace estimate using a conjugate cyicl
covariance matrix calculated at .
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function. The autocorrelation of a white signal is null for any time-lag 6 0,
whereas the autocorrelation of a deterministic process abws retrieval of par-
ticular signal features, such as hidden periodicities or niginess quanti cation.
For example, gure 4.4.(c) compares the autocorrelation ofa simulated cosmic
source signal (modeled as a white Gaussian noise) in red andsanulated Binary
Phase Shift Keying modulated signal. Information about theinterference is still
available for a time-kag 6 0, while the cosmic source autocorrelation is zero.
This e ect is also clearly seen on skymaps 4.4.(a) and 4.4.(b computed using
a zero-sample time-lag and a one-sample time-lag respectiy.

Calculating a covariance matrix at the output of an antenna array for any
time-lag o 6 0 asymptotically removes the contribution of cosmic soures and
system noise:

R(t o) = Acre_cgz-_ogAc” + AR (6 o)A + Mg og
o 0
ArRr(t; O)ArH (4'14)

If the multipath e ect is neglected, the matrix R, (t; o) is diagonal and by
applying a singular value decomposition to the covariance ratrix R(t; o), in
the same way as for the cyclic singular valued decompositigran RFI subspace
basis could be estimated.

However, determining the dimension of the interference sufpace (i.e. the
amount of interference signals impinging the radio telesgoe) is not trivial with
a time-lag approach. Indeed, the autocovariance function | (t; ) of an interfer-
ence signalr (t) is not necessarily nonzero for any time-lag . Therefore, the use
of only one covariance matrix, calculated for a time-lag ¢ 6 0, might not be
enough to estimate the whole interference subspace, depeind on the nature of
the interference signals.

4.1.4 Single matrix performance analysis

To compare the performance of the di erent signature vectorestimation tech-
nigues, we ran a simulation involving a pure carrier RFIl addel to white Gaussian
noise (random normalized carrier frequencyf o). An array composed ofM = 48
antennas was used. The array noise was calibrated in a rst snario, and uncal-
ibrated with 20% noise power uctuations over antennas in a gcond scenario.
The estimation techniques are given with regard to the INR wren no other (cos-
mic) source impinges the radio telescope, and with regard tahe Interference
to Signal Ratio (ISR) when a cosmic source impinges the antera array at the
same time as an RFI (SNR = 0 dB). During each run, we generated anew
data set (48 antennas 2048 samples), estimated the signature vector of the
impinging RFI and calculated the dot product between this egimate and the
actual steering vector. In other words, the dot product de nes here a measure
of how the estimation matches the true signature vector. ThelNR and the ISR
of the data vary from 25 dB to +10 dB. All our results were averaged over
100 runs for a xed INR to provide statistics on signature vedor estimation
technique performances.

We calculate for each run a classical covariance matriR , a conjugate cyclic
covariance matrix R °, with o = 2:fy, and a time-lagged covariance matrix
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Figure 4.4: Time-lag approach. Skymaps given in dB. (a) Simlated skymap

containing one cosmic source at the zenith (center of the mgpand a Binary

Phase Shift Keying modulated interference located closera the horizon (48-
antenna array, SNR = 0dB, INR =0dB). (b) Skymap made out of a one sam-
ple time-lagged covariance matrix. Although the interference power is weaker
on skymap (b) than (a), the interference remains while the cemic source con-
tribution disappears. (¢) Comparison between the interfeence and the cosmic
source covariance functions.
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R( o) with o =1 sample. The interference spatial signature estimation &ch-
nigue is based on the SVD of each of these matrices.

The gure 4.5 shows the performance results. As expected, & cyclic and
the time-lag approaches are not sensitive to the antenna aay uncalibration
(same results on gures 4.5.(a) and 4.5.(b)). The performage of the classical
covariance matrix diagonalization is lower with an uncalibrated array. However,
with a perfect calibration, its performance is similar to the two other approaches
as long as only one signal impinges the antenna array.

When more than one signal impinge the radio telescope, the aésical co-
variance approach requires high INR and ISR to provide an aagrate inter-
ference spatial signature estimation. Concerning the cyat and the time-lag
approaches, their performances are absolutely not pertured by the presence
of another interference. The dot product between the estimé&e and the actual
interference spatial signatures reaches = 0:9 with INR 4 dB with one
single signal impinging the array, while it reaches the samevalue with ISR +
SNR 13+10 = 3 dB. The INR is therefore a dominant parameter for
these techniques.

The next section addresses the concept of joint matrices appaches. The
main idea behind these approaches is to consider more infoation than what
is provided by a single covariance matrix.

4.2 Multiple matrices approaches

Covariance matrices provide theoretically all the information required to esti-
mate an interference subspace. However, their estimate carn practice, lead
to inaccurate estimations. Based on multiple covariance maices, the tech-
niques presented in this section provide better interferene subspace estimates.
Even if the computational cost inevitably increases, the catributions of these
techniques to spatial RFI mitigation has to be seriously comsidered.

4.2.1 Mean covariance matrix diagonalization

The principle of this technique is to calculate a mean matrixover all the cyclic
and conjugated cyclic covariance matrices. As all these coglation matrices are
biased by the added system noise and by the signal nite lendt over which
they are estimated, computing a mean matrix will improve corelation matrix
estimation.

Since all these matrices are de ned on the same vector spacel{servation
space), diagonalization of the mean matrix should provide abetter estimate of
the RFI spatial signature vector. Two options can be consideed : applying an
SVD of a mean cyclic correlation matrix or an EVD of a mean matiix calculated
over cyclic correlation matrices after applying the transformation presented in
equation 4.19 on each of them. It is however important to nornalize matrices
before any average calculation step, since cyclic power isoh uniformly dis-
tributed over all the cyclic frequencies of a cyclostationay signal. We therefore
divide each cyclic correlation matrix (or transformed cyclic correlation matrix)
by its squared Frobenius Norm.
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Figure 4.5: Performance comparison of single covariance mra spatial signa-

ture vector estimation techniques (dot product between esimated and gener-
ated signature vectors for di erent techniques and di erent INR, its value is

1 for an exact estimation). (a) 48-antenna calibrated array INR varying, no

cosmic source. (b) 48-antenna uncalibrated array (20% noépower uctuation

over antennas), INR varying, no cosmic source. (c) 48-antema calibrated array,
SNR = +10 dB, ISR varying. (d) 48-antenna uncalibrated array (20% noise
power uctuation over antennas), SNR = +10 dB, ISR varying.
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4.2.2 Joint SVD of time-lagged covariance matrices

To avoid the loss of information using a single time-lagged avariance matrix,
one alternative is to use multiple matrices calculated with di erent time lags.
The singular value decomposition can be applied to a non-scared matrix. By
stacking these matrices in a single extended covariance m@t, the decompo-
sition might be more accurate since it would take into accouh much more
information than a single covariance matrix:

Consider R(t; ~) = R(t o) R(t 1) R( 2),with o6 6 , 6
0. The left singular vectors of R(t; ~) are the eigen vectors of the matrix
R(t; )R(t; 9", expressed by:

R(t DRt = Rt oR(L o)™ + R(E )R )" + R(t 2)R(L 2)"
(4.15)

These eigen vectors can therefore be seen as eigen vectonsinwn to R (t; o),
R(t; 1), R(t; 2). The interference subspace basis estimate given by this ap
proach will then be more accurate.

Figure 4.6 shows simulations with synthetic data (M = 48 antennas, three
white Gaussian cosmic sources and three BPSK RFI). The INR is 6dB. Conse-
quently, the RFI are barely visible as can be seen on gure 4.§a). The expected
RFI subspace is represented on gure 4.6.b). The RFI subspaxis estimated
with the proposed approach by using respectivelyN =1 and N = 9 di erent
time-lags (a single sample time-lag and nine covariance mates calculated from

=1:Tsto =9:Ts, with Ts the sampling period). Figure 4.6.c) and d) show
the RFI subspace estimation (SE) error relative to the expeted RFI subspace

(i.e. di erence between estimatedR,:RrH and the true A;:A ™). In both sim-
ulations, the RFI subspace can be retrieved but the stacked proach provides
smaller SE errors in the skymap.

As a comparison between the cyclostationary and the time lagapproaches,
gure 4.7 again shows simulations with synthetic data similar to gure 4.6. To
obtain su cient cyclostationary information, the INR was s et to 0 dB. The RFI
positions have also changed (see Figure 4.7.a). The abilitpf the algorithm to
extract one speci ¢ RFI subspace is shown on gure 4.7.b). A gclic frequency
corresponding to the selected RFI is chosen (in our case, 2ies the carrier fre-
guency). The corresponding conjugated cyclic covariance atrix is calculated.
Then, the SVD provides a spatial signature estimation of ony the selected RFI.
To de ne the whole RFI subspace, the previous procedure is ggied 3 times for
3 di erent cyclic frequencies. Figure 4.7.d) shows the RFI & error relative to
the expected RFI subspace. For comparison, the time lag apmach with N =1
sample time lag is given on gure 4.7.c). With this INR, the cyclic approach
produces a larger SE error than the time-lag approach, but tke counterpart is
the capability to extract each individual RFI.

4.2.3 Joint diagonalization

The purpose of this section is to use all the statistical infemation included
in the di erent time-lagged correlation matrices by jointl y diagonalizing them
in order to improve the interference subspace estimation awracy. Di erent
algorithms allowing a joint-diagonalization of a set of matices can be found
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Figure 4.6: Extended time-lag approach. (a) Simulated skynap with 3 white

Gaussian cosmic sources and 3 BPSK RFI (INR = 6dB). (b) Expected RFI

subspace built with the three real RFI steering vectors. (c)Error skymap be-
tween the expected RFI subspace and the RFI subspace retried with the time

lag approach (one sample time lag). (d) Skymap error betweerthe expected
RFI subspace and the RFI subspace retrieved using the exteradi time lag ap-
proach (one extended covariance matrix made of nine time laged covariance
matrices, from = 1:Tg sample to = 9:Ts samples, with Ts the sampling
period)
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Figure 4.7: Comparison between the cyclostationary and thetime lag ap-
proaches. (a) Simulated skymap with 3 white Gaussian cosmisources and
3 BPSK RFI (INR = 0 dB). (b) Single interference subspace estimated using
one cyclic covariance matrix calculated at its cyclic freqency. (c) Error skymap
between the expected RFI subspace and the one retrieved ugira single sample
time lagged covariance matrix. (d) Error skymap between theexpected RFI
subspace and the one retrieved using 3 cyclic covariance mates calculated
for three di erent cyclic frequencies corresponding to thethree cyclostationary
interferences.
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in the literature [57, 107, 39, 94]. Two joint diagonalization approaches are
presented here : theo function approach and the Alternating Least Squares
approach

o function approach

The basic idea of joint diagonalization is to nd a common transformation ma-
trix that allows the diagonalization of a set of matrices. Most cyclostationary
interferences present more than one cyclic frequency. In der to provide a
better estimate of the RFI signature vector, we suggest appling a joint di-
agonalization to cyclic matrices calculated at di erent cyclic frequencies, since
all these matrices contain the same spatial information. Finding a joint diago-
nalizer for these matrices should therefore decrease therer made by a single
matrix diagonalization due to the nite length correlation estimation.

In [14], Belouchrani et al. introduce the following o function foran n n
matrix M with entries Mj :

X
o (M)= im; j? (4.16)
1 i6j n

By using this function, diagonalizing a matrix consists in nding a matrix

P, with size n n, such that:

o (P"MP)=0 (4.17)

The aim of joint diagonalization of a set of N matricesM = fM ;M ,::M g
is thus to nd a matrix P that minimizes the following cost function:

X
c(M :P)= o (PH"MP) (4.18)
k=1

As explained in [14], the optimization algorithm is based onthe computation
of Givens rotations. The joint-diagonalizer is then de ned as a product of these
rotation matrices [45].

Let M be a set of cyclic correlation matricedR calculated over several cyclic
and conjugated cyclic frequencies. The cyclic covariance atrices are usually
decomposed following their singular values and vectors. Té following property
links the singular value decomposition to the eigen value deomposition.

R R " =(u:ssivh)(u:sivi)H

u:s:vH:v:st.yH

u:s:stut

P:D:PH (4.19)

with R =(U:S:VH)(SVDof R ), P = U and D = S:S". By applying
this property to all the matrices stored in M , the RFI spatial signature vector
can be estimated by nding a joint diagonalizer of M .

The main advantage of this method is the use of multiple covaiance matrices,
thereby improving the estimation of the RFI signature vector. Although this
advantage is important for the estimation accuracy, the impementation cost of
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this method might increase with the chosen optimization algrithm. The next
section will present a simpler multiple matrix technique.

Alternating Least Squares approach

Thanks to a collaboration with the Universie de Sud Toulon -Var, the approach
proposed here is based on the use of an iterative Alternatind.east Squares
(ALS) algorithm, presented, for example, in [28]. The idea an be expressed
by de ning a set of correlation matrices for N time lagged covariance matrices,
using equation 4.14:

8
2 R(1)

> :
R(n) = ArR( N)ArH

Given this set, it is a well-known joint diagonalization problem. The goal is
to recursively estimate A, and R, ( ;). Following [92], we now brie y describe
the algorithm.

Update of R, ( ;)

The idea is to stack all the columns of the matrices de ned in ¢.20). Adapted
to our problem, it leads to:

= ArRr( 1)ArH
: (4.20)

r¢i)=(Ar A)dR () (4.21)
We can deduce the seR( i) from (4.21):

Ri(i)=undiag (Ar Ar)'r(i) (4.22)

Update of A,

When all the R, ( ;) have been estimated, the next step is to estimateA .
By concatenating horizontally all the matrices of the set, we notice that A, is
postmultiplied by the concatenation of two matrices. It can be written as:

R(i)= AR DA G RA(ON)A] (4.23)

A= R(DR(DANM LR N)AMY (4.24)

These steps are repeated recursively until convergence isached.

Figure 4.8 shows simulations with synthetic data similar to the previous
section, butN = 9 time-lags are stacked this time. The capacity of the algoithm
to extract one speci ¢ RFI subspace is shown in Figure 4.8.aFigure 4.8.b shows
the RFI SE error relative to the expected whole RFI subspace.For comparison,
the RFI SE error for a time-lag approach with the same set ofN = 9 matrices
is given in Figure 4.8.c. The ALS approach provides both a smiéer error and
an indivual RFI extraction capability compared to the time- lag approach.
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Figure 4.8: ALS Approach on a set ofN = 9 time-lagged covariance matrices.
Skymaps given in dB. (a) Estimated subspace sky map of 1 RFI dained by
selecting the right conjugated cyclic frequency correspating to this RFI (here,

2 times its carrier frequency). (b) Sky map of RFI SE error obtained with the

ALS approach. (c) For comparison, sky map of RFI SE error obtaned from the
SVD of the same set of matrices.
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4.2.4 Multiple matrices performance analysis

The proposed methods were compared through Monte-Carlo basl simulations.
The data model used in these simulations involves one BPSK terference, with
uniformly distributed over [0:1::: 1] random normalized carrier frequencyf o and
uniformly distributed over | % L %] baud rate (BRg). The performances were
evaluated according to the INR in a single signal scenario (Rl only) and the
ISR in a 2-signal scenario (white Gaussian noise simulating cosmic source).

Moreover, the antenna array calibration was also considem by simulating a
perfectly calibrated array and an uncalibrated array with 20% noise uctuation
over the antennas.

The simulated radio telescope is a randomly distributed 48antenna array.
The performances, averaged over 100 trials, were evaluatextcording to the dot
product between the estimated and the actual interference spatialignature
vectors ( =1 corresponds to a perfect estimation).

6 di erent covariance matrices are estimated at each trial wer 2048 samples:

R ©, conjugate cyclic matrix with ¢ = 2:f,

R 1, conjugate cyclic matrix with ; =2:f¢ + BR g,

R 2, conjugate cyclic matrix with ,=2:fg BRy,

R( o), time-lagged covariance matrix with ¢ =1 sample time-lag,
R( 1), time-lagged covariance matrix with 1 = 2 samples time-lag,

R( 2), time-lagged covariance matrix with , = 3 samples time-lag
The di erent estimation techniques (ET) evaluated are:

ET1 : Diagonalization of R ©,

ET2 : Diagonalization of R( o),

ET3 : Joint SVD of R( o), R( 1) and R( »),

ET4 : Joint SVDof R °, R * andR 2,

ET5 : Mean matrix diagonalization of R( o), R( 1) and R( 2),
ET6 : Mean matrix diagonalization of R °, R t and R 2,

ET7 : ALS-based joint-diagonalization of R( ¢), R( 1) and R( 2),

ET8 : ALS-based joint-diagonalization of R °, R * and R 2

The performance analysis results are given in gure 4.9. Thecalibration
and the number of sources impinging the antenna array radio ¢lescope do not
a ect the performances of the di erent techniques. This reault was expected,
since the covariance matrices chosen for applying the di eznt approaches elimi-
nate other (white or non-cyclostationary or cyclostationary with di erent cyclic
frequencies) source contributions, as well as the system is@ contribution.

The ET 6 and 8, based on conjugate cyclic matrices, have the pwest per-
formances, while ET 7 and 3 give the best. Multiple time-laggd covariance
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Figure 4.9: Performance comparison of multiple covariancenatrices spatial sig-
nature vector estimation techniques (dot product between stimated and gen-
erated signature vectors for di erent techniques and di erent INR, its value is
1 for an exact estimation). (a) 48-antenna calibrated array INR varying, no

cosmic source. (b) 48-antenna uncalibrated array (20% noéspower uctuation

over antennas), INR varying, no cosmic source. (c) 48-antema calibrated array,
SNR = +10 dB, ISR varying. (d) 48-antenna uncalibrated array (20% noise
power uctuation over antennas), SNR = +10 dB, ISR varying.

matrices remain therefore the best choice for applying a sgal interference
mitigation algorithm on an uncalibrated antenna array radi o telescope with an
unknown number of sources when the (non-white) interferene spatial signatures
have to be estimated.

The di erent interference subspace estimation techniquespresented previ-
ously are based on the diagonalization, or joint-diagonaliation, of a particular
type of covariance matrices. These techniques allow the dstation of an RFI
subspace orthogonal basis, or an RFI steering vector when dnone interference
impinges the antenna array. Another set of techniques, know as high resolu-
tion methods can also be used in order to recover the individual interfeence
steering vectors. These methods are based on the optimizath of a contrast
function allowing the estimation of the interference diredion of arrival, and,
by extension, of their steering vectors. Even if they are unsitable for use on
phased antenna array radio telescopes, mostly because ofethighly accurate
calibration requirement, we decided to incorporate in thischapter two popular
high resolution methods : MUSIC and MVDR.
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4.3 Optimization-based techniques

Di erent interference subspace estimation techniques hag been developed in
recent years. They are usually based on estimation of the Siml-Of-Interest's

direction of arrival. Once this direction has been estimatel, a perfectly cal-

ibrated antenna array would lead to the desired interferene steering vector
estimation since the relationship between direction of arival and steering vec-
tor is then bijective. We present here two algorithms, MUSIC and MVDR,

that are based on a contrast function. This contrast function, associated with
an optimization algorithm, enables estimation of the interference direction of
arrival estimation.

4.3.1 MUItiple Signal Classi cation (MUSIC)

The considered antenna array is here assumed to be perfectigalibrated and
the cosmic sources are neglected. As already seen, the infierence subspace di-
mension can be estimated by studying the array covariance mtax eigenvalues,
i.e. by estimating the rank of the antenna array covariance natrix in a noise-
less scenario, or the number of dominant (non constant) eigevalues in a noisy
scenario. The idea of the MUSIC algorithm [85, 55] is to compte a MUSIC
spatial spectrum (or MUSIC skymap) that would highlight the individual N,
directions of arrival of the N, impinging interference. By de nition of the co-
variance matrix eigenvalue decomposition, theM N, eigenvectors associated
with the M N, smallest (or constant) eiganvalues generate a noise subspa
And because of the orthogonality of the decomposition, any ebitrary vector
lying in the signal subspace is orthogonal to this noise sulpace.

Consider an arbitrary steering vectora( ; ) pointing in a direction de ned
by the polar components (; ). The MUSIC skymap is then de ned by:

1
Pumusic (5 )= P . . (4.25)
iM:N,+1 jat (; )eiJ2
1
= - @@ 4.26
kaH (; )Enk? (4-26)

with:

e the i antenna array covariance matrix eigenvector, consideringhe
eigenvalues being sorted in a decresaing order.

En =[en,+1:::em] @ noise subspace basis as estimated with the covari-
ance matrix eigenvalue decompaosition.

The contrast function Pyusic (; ) reaches theoretically an undeterminate
form as soon as the arbitrary steering vectora( ; ) is orthogonal to the noise
subspace. However, the antenna array covariance matrix isséimated over a
nite number of samples, and perfect orthogonality betweena steering vector
and a subset of its eigenvectors is not likely. This functionwill still reach a
local maximum as soon as a steering vector points in a direain close to a
signal (interference) direction of arrival. An optimizati on algorithm, like an ant
colony optimization algorithm for example [59], would then make it possible
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(@) (b)

Figure 4.10: MUIltiple Slgnal Classi cation. Skymaps are given in dB. (a) Sim-
ulated skymap with three interferences impinging a 48-antana array, INR = 0
dB. (b) MUSIC spatial skymap (contrast function) showing th ree peaks corre-
sponding to the three interference signals directions of aival.

to estimate the N, interference signals' direction of arrival, and thereforetheir
corresponding steering vector.

Figure 4.10 shows an example of the MUSIC algorithm on simuled data
(48 antenna array, INR = 0 dB). Three interference signals ca be seen on
the initial raw skymap (see Figure 4.10.(a)). The MUSIC spatal skymap was
then calculated over all the directions in the sky and can be sen on the Figure
4.10.(b) as a 3-dimensional surface. The three peaks on thigure correspond
to steering vectors close to being orthogonal with the estimated noise subspace.

The performance of this algorithm is directly linked to the Interference-to-
Noise Ratio [4], and therefore the ability to estimate the ndse subspace accord-
ing to the observation.

4.3.2 Minimum Variance Distortionless Response (MVDR)

Closely related to the LCMB beamformer seen in section 3.2,4the idea be-
hind the MVDR algorithm [25] is to minimize a beamformer output energy
while keeping the beamforming vector in a constant positionde ned by the
polar coordinates (; ). This technique can therefore be seen as a constrained
optimization problem.

We saw in the previous chapter that the classical beamformig output is
written as:

Xpeam (1) = wH X(t) (4.27)
with:
x(t) the (M 1) antenna array output vector at time t.
w an arbitrary (M 1) beamforming vector.

Xpeam (t) @ weighted sum of the antenna array output at time t.
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Minimizing the energy of Xpeam (t) is required in order to minimize the noise
and interference contributions in the observed direction. This energy is written
as:

Efj Xpeam (1)j°g = wH Rw (4.28)

with R = Efx(t)x" (t)g the antenna array covariance matrix. It is also im-
portant to keep a xed gain (usually a unitary gain) in the dir ection of interest.
Let a(; ) be the steering vector related to the direction of interestgiven by
(; ). The MVDR algorithm is then de ned as:

min wHRw  subjectto wha(:; )=1 (4.29)

This constrained optimization problem can be solved using he Lagrange
multipliers method, in order to minimize the following expression:
L(; w)y=wHRw  (wha(; ) 1) (4.30)
The beamforming vectorw minimizing this expression is given by:
R *a(; )
at(; IR *ta(; )

The MVDR contrast function is then de ned as the power reachal after
beamforming toward the direction (; ) by applying the vector wn, at the
antenna array output:

Wmin = (4.31)

Pwor (; )= Whin RW min (4.32)
1
at(; )R ta(; )

In the same way as the MUSIC algorithm, the function Pyvpor (; ) will
present local maxima as soon as the vectoa™ (; ) reaches the direction of
arrival of an interference signal. Finding these maxima usig an optimization
algorithm will help estimate the interference steering vetors, and therefore an
interference subspace basis.

Figure 4.11 shows again simulated data (the same parameteras in the
simulation shown on Figure 4.10, but dierent interference locations). The
MVDR constraint function is displayed on Figure 4.11.(b).

4.4 Conclusions on interference subspace esti-
mation

The interference subspace estimation is a critical step inatial ltering. A
wrong estimation leads to data deterioration. A visual exanple of the impact
of an inaccurate interference subspace estimation on the farference itself is
shown in Figure 4.12.

The accuracy of the recovered interference subspace depenan the following
parameters:
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(@) (b)

Figure 4.11: Minimum Variance Distortionless Response. Skmaps are given
in dB. (a) Simulated skymap with three interferences impingng a 48-antenna
array (INR = 0 dB). (b) MVDR constraint function. Three peaks can be found
and represent the directions of arrival of the three impingng interferences.
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Figure 4.12: Impact of interference subspace estimation eor on a skymap.
Skymaps are given in dB. (a) Simulated skymap containing onénterference. (b)
Zoom on the interference location. (c) Zoom on the interferace location after
orthogonal projection based on the true interference steéng vector. (d) Zoom
on the interference location after orthogonal projection tased on the (badly)
estimated interference steering vector.
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the type of data available at the antenna array radio telescpe output,
the spatial ltering strategy that has been chosen,

the computational complexity that remains available on the radio tele-
scope system.

Antenna array radio telescopes usually provide single outpt in the case of
beamforming, or array covariance matrices in the case of rad interferometry
for sky imaging. The latter are calculated using fast digitd correlators. The
cyclostationary approach, consisting in correlating a sigal with a frequency
shifted version of itself, as well as the time-lag approachgonsisting in correlating
a signal with a time shifted version of itself, requires beter resource sharing at
the correlation stage (con guration of the observation parameters).

However, it has been seen in this chapter that approaches bad on the
attenuation of the cosmic source and system noise contribibns, as well as
multiple covariance matrices approaches, provide much béer estimations than
approaches based on a classical covariance matrix. In the ent of estimation
uncertainty, and when the number of interferences is much lwer than the num-
ber of antennas (i.e. when the interference subspace dimeos is much lower
than the data vector space dimension), an alternative wouldbe to reject a bigger
subspace than the one estimated.

Suppose there is one interference impinging an antenna arya Projecting
the interference subspace out of the data vector space (uginan orthogonal
or oblique projector), creates a hole in the skymap that has he size of the
antenna array beam. It is however possible to enlarge this He by projecting
out the estimated interference subspace, as well as its clesneighborhood on
the skymap. The Figure 4.13 shows an example of multiple bearprojection.
The size of the projected area is parameterized by the neigldyrhood size and
the number of rejected directions of arrival.

Another approach allowing the enlargement of the antenna aray beam is
known as covariance matrix tapering [46], consisting in an podization of the
covariance matrix.

When interferences remain xed in the eld of view of the antenna array,
their steering vectors remain constant. Another approach #owing an improve-
ment in interference subspace estimation accuracy is subape tracking [29]. The
basic idea of subspace tracking is to update the interfererecsubspace estimation
each time new information is available at the antenna array aitput instead of
keeping on re-estimating this subspace over time. Howevethis approach per-
forms poorly if the interference subspace evolves continusly with time, due to
a jammer move or intermittent jammers for example.

Even if most of the techniques presented in this chapter are &sed on matri-
ces decompositions, the computational complexity of theséechniques is mainly
due to the covariance matrices calculations. Since the dimesion of the interfer-
ence subspace is usually low compared to the data vector spadimension (the
interference subspace dimension is related to the number dhterferences im-
pinging the antenna array radio telescope over a narrow fregency bandwidth),
methods consisting in retrieving the dominant eigenvaluesand eigenvectors of a
matrix for a low computational cost, such as the power method[30], markedly
improve the global computational cost of an interference mtigation algorithm.
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Figure 4.13: Multiple beam projection. Skymaps are given indB. (a) Orthog-

onal projection based on a single steering vector. (b) Orthgonal projection

based on the same steering vector as (a), by also rejecting Ifiher directions

of arrival located in a close neighborhood. (c) and (d) 3-dinensional represen-
tation of the map (a) and (b), respectively. (e) and (f) Global skymaps after
the projection presented in (a) and (b), respectively.



Chapter 5

RFI mitigation
Implementation

5.1 Introduction

This chapter presents an RFI mitigation algorithm that is cu rrently being im-
plemented and tested on the radio telescope demonstrator EBRACE. This
demonstrator is already operational but not yet commissiored to work as a
scienti ¢ instrument. Its back end is a LOFAR station back end.

The rst part of the chapter presents the techniques discussd in this thesis
applied to LOFAR data. Thanks to the Transient Bu er Board, w hich allows full
bandwidth antenna waveforms to be recorded on the LOFAR backnd, di erent
approaches have been tested on LOFAR Low and High Band Antena signals.

The second part of the chapter presents the whole EMBRACE sytem. In
order to choose the stage at which the proposed algorithm cabhe implemented,
it is necessary to know the signal path, as well as the type of ata and the
computational power available.

Finally, the algorithm based on an oblique projector is pregnted. Through
simulations applied on real data, the performance of this ajorithm is compared
to the expected results.

5.2 LOFAR data processing

The Transient Bu er Board (TBB) is a device located on LOFAR s tation cab-

inets that allows the recording of full bandwidth antenna waveforms. Two
observations are presented here : one Low Band Antenna obsation, particu-

larly a subband of it corrupted by a land mobile, and one High Band Antenna
observation, particularly a subband of it corrupted by a strong pager system.
The same processing was applied to both observations.

5.2.1 LOFAR LBA data

The Low Band Antenna observation (frequency bandwidth =0 100 MHz) was
made with a Dutch LOFAR station on February 11th, 2010. The observation
was made with a 47-subantenna array. Figure 5.1 presents thebservation.

89
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Figure 5.1: LOFAR Low Band Antenna corrupted observation at 55 MHz. 47
sub antennas array. (a) Power Spectral Density of the obseition. The red star
highlights the subband of interest. This subband is corruptd by a land mobile
signal. (b) Power Spectral Density of the subband of interes The narrow
band peak at 5541 MHz corresponds to the land mobile. (c) Singular values of
the classical covariance matrix of the observation. The sigal subspace seems
to be 1- or 2-dimensional. (d) Skymap of the observation (in @). The strong
interference is located on the horizon. The other sources c@spond to well
known cosmic sources.

Figure 5.1.(a) is the whole Power Spectral Density of the obarvation. All the

peaks on the spectrum correspond to interference. The sublpa selected to
apply the processing is highlighted by a red star, at 55 MHz. This frequency
bandwidth is dedicated to land mobile applications in the Netherlands. Figure
5.1.(b) is the Power Spectral Density of the subband of inteest. One narrow
peak can be seen on this spectrum. It corresponds to a land madb signal.
Figure 5.1.(c) shows the singular values of the classical gariance matrix of the

observation. One singular value clearly dominates the othes. It corresponds to
the signal subspace, and more precisely the interference lsspace. The skymap
on Figure 5.1.(d) shows the interference on the horizon. Twather (well-known)

cosmic sources can be seen in the sky.
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Figure 5.2: Cyclostationary approach. (a) Cyclic spectrumof the observation.
No cyclic frequencies. (b) Conjugate cyclic spectrum of theobservation. The
peak on the spectrum corresponds to the interference conjage cyclic frequency

o = 0:25(highlighted by a red star). (c) Singular values of the cofjugate cyclic
matrix at . (d) Skymap (in dB) made with the conjugate cyclic matrix at .

Interference subspace estimation

Figure 5.2 presents the cyclostationary approach appliedd the LBA observa-
tion. Figures 5.2.(a) and 5.2.(b) are respectively the cydt and conjugate cyclic
spectra of the observation. The interference has a conjugatcyclic frequency,
highlighted by a red star on Figure 5.2.(b). Figure 5.2.(c) $iows the singular
values of the conjugate cyclic matrix. The signal subspacesi 1-dimensional,
since a single singular value dominates the others. The skyap 5.2.(d) is the
skymap built with the conjugate cyclic matrix considered. The skymap seems
saturated, and the interference location is hard to identify.

Figureb5.3 is the time-lag approach applied to the observatin. Figure 5.3.(a)
is the auto-covariance function of the subband of interest. One peak on this
function, highlighted by a red star, corresponds to a strongauto-correlation
of the signal with itself at time-lag ¢ = 5 samples. Figure 5.3.(b) are the
singular values of the time-lagged covariance matrix. Agai, one singular value
dominates the others. It corresponds to the interference dospace (or non-
white signal subspace). Figure 5.3.(c) is the skymap built \vith the time-lagged
covariance matrix. The interference location can be easilydenti ed. The cosmic
sources, in the sky, are no longer visible. This observationon rms the whiteness
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assumption concerning cosmic sources.

The MUSIC approach has also been considered. Figure 5.4 shewhe 4 MU-
SIC functions calculated by respectively considering a 1, 23 and 4-dimensional
signal subspace. Figure 5.4 presents 3 maxima.

The MVDR approach applied to the observation is shown on Figue 5.5.
The sources locations are not easier to identify on this maptan on the classical
covariance matrix skymap 5.1.(d).

Spatial ltering

Figure 5.6 is the orthogonal approach applied to the obserwion. On Fig-
ure 5.6.(a), the orthogonal projector was built with the int erference subspace
estimated using the cyclostationary approach, whereas on igure 5.6.(b), the
projector was built with the interference subspace estima¢d with the time-lag
approach. The results seem similar. A hole in the map is locad at the inter-
ference location.

Figure 5.7 shows the results of the oblique projection apprach applied to
the observation. An oblique projector was built for each direction in the sky.
Again, the oblique projector was built either with the inter ference subspace
estimated with the cyclostationary approach (Figure 5.7.@)) or with the time-
lag approach (5.7.(b)). The cosmic sources are less widelpread than with the
orthogonal projector. Because of the construction of the olique projector, a
global maximum of the skymap can be seen at the interferencentation.

The interference subspace subtraction was applied to the da. Figure 5.8.(a)
shows the interference subspace subtraction function, basl on the interference
spatial signature estimated with the cyclostationary approach, with its global
minimum highlighted by a red star. Figure 5.8.(b) is the skymap made by
subtracting the interference subspace covariance matrixrbm the classical co-
variance matrix. The interference is no longer visible, andthe cosmic sources
are still located in the sky.

5.2.2 LOFAR HBA data

The observation considered in this section was made with a Dich LOFAR High
Band Antenna station (24 antenna tilesets, frequency bandidth = 100 200
MHz) on July 15th, 2010. Figure 5.9.(a) is the Power SpectralDensity of the
observation. All the peaks correspond to interference. Thenterference of inter-
est to apply the di erent interference mitigation techniqu es is highlighted by a
red star at 10928 MHz. This frequency is dedicated to aviation radio navigadion
in the Netherlands. Figure 5.9 is the Power Spectral Densityof the subband
of interest. Figure 5.9.(c) are the singular values of the @ssical covariance
matrix. The strong dominant singular value corresponds to te interference.
Figure 5.9.(d) is the skymap of the observation (because oflesing due to the
observation frequency and antenna array size, the skymapsithis section are
limited to a smaller eld of view). The radio navigation syst em can be clearly
located on the map.
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Figure 5.3: Time-lag approach. (a) Autocovariance function of the observation.
The peak at time-lag o =5 samples (highlighted by a red star) is the subband
of interest. (b) Singular values of the time-lagged covariace matrix at . (c¢)
Skymap (in dB) made with the time-lagged covariance matrix & . The cosmic
sources are no longer visible.
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Figure 5.4: MUSIC approach. (a) MUSIC function selecting a tdimensional

signal subspace (in dB). (b) MUSIC function selecting a 2-dinensional signal
subspace (in dB). (c) MUSIC function selecting a 3-dimensiaal signal subspace
(in dB). (d) MUSIC function selecting a 4-dimensional signd subspace (in dB).

The signal subspace seems to be 4-dimensional, even if theusces are not point

sources.
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Figure 5.6: Orthogonal projection (skymaps given in dB). (9 Interference sub-
space estimated with the cyclostationary approach. (b) Interference subspace
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Figure 5.7: Oblique projection (skymaps given in dB). (a) Interference sub-
space estimated with the cyclostationary approach. (b) Inerference subspace
estimated with the time-lag approach.
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Figure 5.8: Interference subspace subtraction approach. fe interference spa-
tial signature was estimated with the cyclostationary approach. (a) Interference
subspace subtraction function. The point highlighted by a red star corresponds
to the function global minimum. (b) Skymap (in dB) of the inte rference sub-
space subtracted from the classical covariance matrix.
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Figure 5.9: LOFAR High Band Antenna corrupted observation at 109:28 MHz.
24-antenna array. (a) Power Spectral Density of the observaon. The red star
highlights the subband of interest. This subband is corruped by an aviation
radio navigation system. (b) Power Spectral Density of the sibband of interest.
(c) Singular values of the classical covariance matrix of tk observation. The
signal subspace seems to be 1-dimensional. (d) Skymap of tlebservation (in
dB). The radio navigation system corresponds to the strongst point on the
map.
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Figure 5.10: Cyclostationary approach. (a) Cyclic spectrum of the observation.
The peaks on the spectrum correspond to the interference ciic frequencies.
The cyclic frequency o = 0:2574 (highlighted by a red star) was chosen for
the rest of the study. (b) Conjugate cyclic spectrum of the olservation. (c)
Singular values of the cyclic matrix at . (d) Skymap (in dB) made with the
cyclic matrix at .

Interference subspace estimation

Figures 5.10.(a) and 5.10.(b) are respectively the cyclic @d conjugate cyclic
spectra of the observation. Between 3 and 5 cyclic frequenes and between
5 and 11 conjugate cyclic frequencies can be identi ed on thee spectra. The
cyclic frequency of interest is highlighted by a red star on kgure 5.10.(a). Figure
5.10.(c) are the singular values of the cyclic matrix. The doninant singular value
corresponds to the cyclic interference. Figure 5.10.(d) ishe skymap built with
the cyclic matrix. Some strong points on the map, repeated beause of the array
beam shape, could correspond to the interference location.

Figure 5.11.(a) is the autocovariance function of the obsesmtion. Its peri-
odicity is due to the interference strength and modulation. The red star on
this Figure highlights the time-lag chosen to perform the irterference subspace
estimation ( o = 12 samples). Figure 5.11.(b) shows the singular values oftie
time-lagged covariance matrix. Again, the dominant singulr value corresponds
to the pager signal. Figure 5.11.(c) is the skymap made with he time-lagged
covariance matrix.

The MUSIC approach was also applied, in the same way as with t Low
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Figure 5.11: Time-lag approach. (a) Autocovariance functon of the observation.
The peak at time-lag ¢ = 12 samples (highlighted by a red star) is of interest.
(b) Singular values of the time-lagged covariance matrix at o. (c) Skymap (in
dB) made with the time-lagged covariance matrix at .
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Figure 5.12: MUSIC approach. (a) MUSIC function selecting al-dimensional
signal subspace (in dB). (b) MUSIC function selecting a 2-dinensional signal
subspace (in dB). (c) MUSIC function selecting a 3-dimensiaal signal subspace
(in dB). (d) MUSIC function selecting a 4-dimensional signd subspace (in dB).

Band Antennas observation, to the classical covariance maix. The four MU-
SIC functions, shown on Figure 5.12 (respectively selectmma 1, 2, 3 and 4-
dimensional signal subspace), do not show the same sourcecltions. Based
on the previous studies, the signal subspace of the observah seems to be 1-
dimensional. This indicates that Figure 5.12.(a) is the onethat shows the right
interference location (highlighted by the strongest area o the map).

The MVDR approach, shown on Figure 5.13 appears to highlightthe same
source location as Figure 5.12.(a).

Spatial ltering

The orthogonal approach was applied on these data. Figure %4.(a) shows the
result of the orthogonal projector with the interference subspace estimated with
the cyclostationary approach, whereas Figure 5.14.(b) shes the result of the
orthogonal projector applied by estimating the interference subspace with the
time-lag approach. The two results are similar, and a hole inthe map can be
seen at the interference location.
Figure 5.15 presents the results of the oblique projector gglied to the data
by respectively estimating the interference subspace witlthe cyclostationary
approach (Figure 5.15.(a)) and with the time-lag approach Figure 5.15.(b)).
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Figure 5.14: Orthogonal projection (skymaps given in dB). @) Interference sub-
space estimated with the cyclostationary approach. (b) Interference subspace
estimated with the time-lag approach.
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Figure 5.15: Oblique projection (skymaps given in dB). (a) hterference sub-

space estimated with the cyclostationary approach. (b) Interference subspace
estimated with the time-lag approach.
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Figure 5.16: Interference subspace subtraction approachThe interference spa-
tial signature was estimated with the cyclostationary approach. (a) Interference
subspace subtraction function. The point highlighted by a red star corresponds
to the function global minimum. (b) Skymap (in dB) of the inte rference sub-
space subtracted from the classical covariance matrix.

Again, the results are similar with the two approaches.

The interference subspace subtraction technique is presesd on Figure 5.16.
Figure 5.16.(a) shows the interference subtraction functn, with the interference
spatial signature estimated with the cyclostationary approach. The red star on
the function corresponds to its global minimum. Figure 5.16(b) is the skymap
recovered after subtracting the interference covariance mtrix from the classical
covariance matrix. This map seems noisy, with no interferene contribution.

5.2.3 Conclusions on LOFAR data processing

The processing applied to the LOFAR data seems as e cient on IBA data

as on HBA data, though the results are easier to conclude on wh LBA data

because of the wider eld-of-view. However, concluding onhe impact of these
processing techniques with respect to cosmic sources is augh task, with no
information concerning the reality of the data.
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Figure 5.17: French EMBRACE station inside its radome, locded at the Narcay
observatory. Courtesy of Dr. Stephen Torchinsky.

The results shown on Figures 5.7 and 5.8.(b) seem to match theesults
expected from the RFI mitigation algorithms.

5.3 EMBRACE

5.3.1 EMBRACE architecture
Overview

EMBRACE, the Electronic Multi-Beam Radio Astronomy Concept [61, 17, 16,
91], is a European mid frequency aperture array demonstratofor the inter-
national Square Kilometer Array radio telescope. This progct is led by the
Netherlands Institute for Radio Astronomy, ASTRON, and several European
institutes contributed to the overall system (France, Italy, Germany).

The demonstrator is designed to work in a frequency bandwidt ranging
from 500 MHz up to 1500 MHz. Two stations currently exist and ae located
in Narcay, France, and in Westerbork, The Netherlands. The French station is
shown on Figure 5.17.

The French station comprises 9216 Vivaldi antenna elementgsee Figure
5.18), half for each polarization, whereas the Dutch statio comprises 20736
elements. Only half of them arecurrently exploited (singlepolarization). These
antenna elements are phased together, so that the stationsra able to simulta-
neously steer two independent directions in the sky.

The beamforming process is split into two sub-processes. Aanalog beam-

forming is rst applied at the antennas output through beamformer chips [21],
then a digital beamforming is applied at the back end stage.
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Figure 5.18: One Vivaldi antenna element of the phased antema array EM-
BRACE. Courtesy of Dr. Stephen Torchinsky.

Front end

The EMBRACE front end is made of a regular grid antenna array isolated in
a radome, together with radio frequency signal pre-processg boards. The sig-
nal coming out of the antennas is rst ampli ed through Low No ise Ampli ers
(LNA), high-pass ltered, and then enters a beamformer chip. Each beam-
former chip receives 4 antenna signals, and provides two irgbendent outputs
corresponding to two independent directions in the sky chosn by the end-user.
These beamformer chips are located on a hex board. Each hex & hosts 3
beamformer chips. One hex board is shown on Figure 5.19.(a).

The two independent outputs of each beamformer chip are thercombined
on a center board grouping together 6 hex boards. These siglsaare then sent
to the back end through coaxial cables. These coaxial cableslso provide the
DC power to the front end, and Ethernet control signals to the beamformer
chips.

Back end

The EMBRACE back end [78] is outside the radome, hosted in a sielded cabi-
net. The analog signals (the two independent beams providedby each tile) are
rst converted down to a low frequency before entering a Reciver Control Unit
(RCU) [71]. The Figure 5.19.(b) shows the coaxial cables comg from the tiles
and entering the back end cabinet. After Itering, the signal is digitized and
split into 512 subbands using a polyphase Iterbank. Each sbband is processed
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independently, and a complex weight is attributed to them in order to perform
digital beamforming.
The EMBRACE back end provides two kind of data : beamlets and cosslets:

Beamlets correspond to the raw data coming out of the radio teescope
after both analog and digital beamforming have been perforrad. The two
beamlets (for the two independent beams) are integrated oweone second,
and one sample per beam is released every second.

The crosslets correspond to tileset correlation matricesritegrated over
one second. The signals correlated here have not gone throughe digital
beamforming stage, only the analog one.

The crosslets are provided either for a single subband with &requency band-

width  f =195:3 kHz, or over multiple subbands over a frequency bandwidth

f 10 MHz (512 1953 kHz). In the latter case, one subband is processed
each second. After 512s, the whole frequency bandwidth haselen processed,
and the process starts over at the beginning of the bandwidthof interest.

For example, Figure 5.20 shows the full power received from MBRACE
in the full frequency bandwidth mode during a GPS satellite dift scan. The
bandwidth is centered at 117645 MHz, and is 99993 MHz wide. The received
power has been calculated using the squared Frobenius nornf the crosslets
provided each second from the system back end. After 8 minuteand 32 seconds,
the whole frequency bandwidth has been scanned and the systeloops back to
restart a new scan over the same bandwidth.

Figure 5.21 shows an observation in the single subband modeThe band-
width considered here is centered at 11785 MHz and is 1953 kHz wide. This
observation is again a GPS satellite drift scan. The power dop is due to the
satellite coming out of the RF beam formed by the antenna arrg. The samples
provided by the system are integrated over one second, and #n released. The
received power has here also been calculated using the sqadrFrobenius norm
of the crosslets provided each second by the system.

Figure 5.22 shows a summary of the EMBRACE architecture goilg from the
antenna to the end-user data.

5.4 RFI mitigation algorithm

The aim of the project is to implement a real time RFI mitigati on algorithm on
the system, based on an oblique projector.

5.4.1 Strategy
Data model
We rst consider the following single narrow band interference data model:
X(t) = a;:r(t) + ac:c(t) + n(t) (5.2)
with:

x(t) the instantaneous EMBRACE antenna tiles data output,
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Figure 5.19: (a) An EMBRACE hex board. This board contains high pass I-

ters, Low Noise Ampli ers and beamformer chips. The Vivaldi antenna elements
are plugged on it. The board performs the rst processing of he signal path
on the antennas' output. (b) The analog signals coming out ofthe tiles enter

the EMBRACE back end for Itering, digitization and further signal processing.
Courtesy of Dr. Stephen Torchinsky.
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Figure 5.20: EMBRACE observation in the full frequency bandwidth mode.

The frequency bandwidth of interest is centered at 11765 MHz and is 99993
MHz wide. It corresponds to a GPS satellite drift scan. The ralio telescope
analog beam was steered in a xed direction in the sky while tle satellite crossed
it (drift scan). After 8 minutes and 32 seconds (512s), the san restarts at the

beginning of the observation bandwidth. Each subband signkis integrated over

1 second and released by the back end.
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Figure 5.21: EMBRACE observation in the single subband mode The subband
of interest is centered at 117645 MHz and is 1953 kHz wide. This observation
is a GPS satellite drift scan. The received power decreases dhe satellite exits
the analog beam.
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Figure 5.22: EMBRACE architecture. The front end is composel of Vivaldi

antenna elements located in a radome. The signals providedylthese antennas
are ampli ed, Itered, beamformed (analog beamforming), combined in tiles
(groups of hex boards) and sent to the back end. The back endotated in
a shielded cabinet combines 4 tiles, converts the signals ta lower frequency,
digitizes, digitally beamforms and processes them. The dat provided by the
system are beamlets (beamformer output samples) and crosdk (tileset corre-
lation matrices)
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a, the steering vector corresponding to the narrow band interérencer (t),
a. the steering vector corresponding to the cosmic source of iarest c(t),

n(t) the instantaneous EMBRACE system noise contribution.

Since EMBRACE is a dense aperture array, the noise vecton(t) of the
latter data model could not be modeled with independent enties. However, the
system architecture is such that the data vectorx (t) is not made of the individual
antenna signals, but antennas tileset signals. The tiles ar assumed to be distant
enough for the electro magnetic coupling between tiles to baeglected.

Oblique projector

Beamforming using a delay and sum beamformer in the directio of the cosmic
source of interest would not remove the interference conthution:

If w is the digital beamforming weights vector applied to the sysem, we
have:

wH x(t) = ka, kkackcos@,;ac):r(t) + kack® :c(t) + wHn(t) (5.2)

The oblique projector steering the direction of interest caresponding to the
beamforming vector w and nulling the interference direction de ned by a; is
expressed as (see section 3.3.2):

Ewa, = WW"PZ w) 'wHPZ (5.3)
with P2 =1 a;(af'a)) 'a ™. The oblique projection beamforming vector

is then de ned by:
Wop = W Ea, (5.4)

Applied to the data model, the resulting instantaneous sigral becomes:
H — 2. H
Wop X (t) = kack™ :c(t) + Wy n(t) (5.5)

Interference subspace estimation

The interference subspace generated by the vectos, has to be estimated in
order to build the oblique projector. Since the only data avalable at the EM-
BRACE system output is a covariance matrix (crosslet), the assical Eigen-
Value Decomposition technique (see section 4.1.1) was cles As the data
model involves only one interference, the interference supace is 1-dimensional.
Neglecting the cosmic sourceEf r2(t)g >> Efc?(t)g), the dominant eigenvector
of the data covariance matrix is an estimate of the interferece steering vector
ar.

The Eigen (or Singular) Value Decomposition computational cost can be
reduced using the power method [30]. This method iterative}y estimates the
singular vectors of a matrix one after the other, from the domnant one to
the least relevant one. Figure 5.23 shows the accuracy of thpower method
accuracy at estimating a dominant eigen vector with regard b the Interference
to Noise Ratio and the number of iterations of the method. The performances
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Figure 5.23: Power method performance. (a) Power method domant eigen
vector estimation accuracy. The accuracy is quanti ed usirg the dot product
between the estimated eigen vector and the true one. This pérmance is given
with regard to the INR and the number of iterations of the power method.
(b) Estimation variance with regard to the Interference to Noise Ratio and the
number of iterations of the power method.

are quanti ed using the normalized dot product between the estimated dominant
eigen vector and the true one.

The power method is a good way of reducing the cost of a singulavalue
decomposition when only a few singular vectors have to be reeved. Con-
cerning the EMBRACE system, the implemented algorithm is executed in the
Local Control Unit (LCU), which is responsible among other functions for the
beamforming vector calculations. This LCU is a computer, aml has enough
computational power available to perform an eigen value deamposition on a
16 16 crosslet matrix (16 tilesets for the French EMBRACE station).

5.4.2 Implementation

In order to evaluate the performance expected from an RFI mitgation algorithm
implementation, we set up an experiment in which an interfeence is generated,
thereby controlling the interfering environment. Figure 5.24.(a) shows the ex-
periment : a home-made antenna has been placed beside the iadelescope.
This antenna emits a pure sine signal at a frequency of :176 GHz (see Fig-
ure 5.24.(b), the signal generator connected to the antenra This home-made
interference is intermittent. At the same time, the radio telescope performs a
GPS satellite drift scan in the full frequency bandwidth mode, with a frequency
bandwidth centered at 1:176 GHz and 10 MHz wide. Figure 5.25 shows the
observation. The rst 300 samples correspond to the instrunent calibration pro-
cess. Once done, the observation starts with one crosslet pgubband released
each second. After 512s, the whole frequency bandwidth haselen scanned and
the observation starts over at the beginning of the bandwidh. The samples
highlighted with red dots are located at the home-made inteference frequency.
This interference was 'on' during two observation cycles, ad 'o ' during 4 ob-
servation cycles (large peaks when 'on'). Figure 5.26 higidhts two spectra
observed when the home-made interference is 'on' (in blue)rad 'o ' (in red).
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@

(b)

Figure 5.24: Experiment set up. (a) A home-made antenna is @iced beside
the EMBRACE antenna array in order to emit a controlled inter ference toward
the radio telescope. (b) The antenna shown in (a) is connectto this signal

generator. The signal emitted is a pure sine at 11785 MHz.
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Figure 5.25: GPS satellite drift scan with home-made internittent narrow band
interference.

260

2401

N

N

o
T

Received power (dB)
N
o
o

1401 — \Nith home-made interference
— Without home-made interference

120 | | | | | | | | | 1
1130 1140 1150 1160 1170 1180 1190 1200 1210 1220

Frequency (MHz)
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Figure 5.27: Singular values of two crosslets provided by tb system during

the observation. (a) Two signals are impinging the radio tekscope : the GPS
satellite and the home-made interference. The interferene subspace is therefore
2-dimensional. (b) Only one interference is impinging the adio telescope (the

home-made interference is '0 '). The interference subspae is 1-dimensional.

This observation no longer respects the initial data model gzen in section
5.4.1 since, depending on the subband considered, more thame interference
impinge the radio telescope (GPS satellite and home-made iarference or other
non-controlled interferences). The interference subspacdimension can be esti-
mated by analyzing the singular values of the crosslets. Figre 5.27 shows the
singular values of two crosslets. Figure 5.27.(a) shows thsingular values of
the crosslet corresponding to the second red star on Figure.B5, whereas the
Figure 5.27.(b) shows the singular values of the crosslet tzulated one second
later, i.e. the next subband processed. It is clear that the mterference subspace
is 2-dimensional in the rst case since 2 singular values doimate the other 14.
In the second case, only one singular value is dominant, and corresponds to
the GPS satellite.

Figure 5.28 shows all the singular values of all the crosslstprovided by the
EMBRACE back end during the observation. Each of them contributes either
to the GPS satellite signal only, the GPS satellite and anotter interference
(home-made or not), or to the system noise.
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Figure 5.28: Singular values of the crosslets released by ¢hEMBRACE back end during the observation.
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The interference subspace dimension cannot, therefore, kreconstant param-
eter of the algorithm; it has to be estimated. Figures 5.29 ad 5.30 show the
e ect on the data after projecting 1 (Figure 5.29) or 2 (Figure 5.30) dimensions
out using the orthogonal and the oblique projector. The direction of interest
chosen for these tests is the center of the analog beam, i.ev = 1. The green
graphs on both gures are the received power without any proessing. The blue
graphs correspond to the data obtained after orthogonal prgection using either
a 1- or 2-dimensional interference subspace, and the red gvhs correspond to
the same setup with the oblique projector.
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The discontinuities on these graphs are due to the variation depending on
the subband processed, in the interference subspace dimensality.

Estimating the number of interfering sources, equivalent b the interference
subspace dimension, is necessary in order to apply accuraggocessing onto the
data. This problem has been adressed in di erent ways [9], ath the two most
popular techniques for estimating this value are based on iformation theoretic
criteria : the Minimum Description Length (MDL) and the Akai ke Information
Criterion (AIC) [101, 72, 66].

An implementation of the oblique projector for interference mitigation is
suitable for EMBRACE, regarding its back end architecture and computational
power. Although the oblique projector can be implemented atthe post cor-
relation stage of the signal path, its construction requires the de nition of a
range subspace, i.e. a particular direction of interest. That is the reason why
implementing this projector would be much more e cient in a b eamforming
application (at the pre-correlation stage).

It has been seen previously that the interference subspace an observation
varies, depending on the frequency subband observed and ohd interference en-
vironment. Many di erent ways of estimating this subspace exist, but, according
to the data type provided by the system, the classical eigen alue decomposition
applied on a crosslet matrix is the only possible choice. Thesigen or singular
values of these matrices allow the interference subspacendénsion estimation,
with the MDL criterion for instance, whereas its eigen or sirgular vectors allow
the estimation of a basis of it.

However, the EMBRACE back end is built in such a way that all th e obser-
vation parameters stay constant over the integration time (1 second). Applying
any correction to the digital beamforming vector is therefae impossible in real
time. Building the oblique projector requires a crosslet tobe already available.
Since the back end releases one crosslet per second, the gbé projector has
to be built as soon as the latest crosslet has been releaseddapplied to the
beamforming vector at the next observation of the same freqgancy subband.

Since most of the interferences are moving objects, impleméng this algo-
rithm in the full bandwidth observation mode would be useles. The crosslet
provided by the system could be used to build a projection, bt this projec-
tor would only be applied 8 minutes and 32 seconds later, i.eonce the whole
frequency bandwidth had been scanned.

The single frequency subband observation mode is a good caiddte since
the corrections would be applied within the second after thelatest crosslet has
been released.

Figure 5.31 is a graphical representation of the algorithm mplemented on
the EMBRACE back end (except the shaded part of the diagram cacerning the
RFI subspace dimension estimation). Once the latest crosst matrix has been
released, the interference subspace is estimated with a gjalar value decompo-
sition applied to this matrix. The interference subspace e8mate is then used
to build an orthogonal projection matrix. With this project ion matrix and the
beamforming vector calculated by the system back end, an oflijue projector is
built. The beamforming vector is nally multiplied with the oblique projector
to give a corrected beamforming vector. This corrected beaforming vector is
then applied in the same way as the initial beamforming vecto to the antenna
array output.

Figure 5.32 shows a simulation with real data of the full algeithm as it runs
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Figure 5.31: RFI mitigation algorithm implementation. The EMBRACE back
end provides a crosslet matrix each second and calculates @ital beamforming
vector to be applied after the analog beamforming stage. Theblique projection
algorithm is based on both data and provides a corrected beaforming vector.
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on the EMBRACE back end. The green graph is the received powewhile a GPS
satellite is crossing the analog beam of the system. The diotion of interest,
de ned by the digital beamforming vector, is the analog beamcenter. The
black graph shows the corrected data, after building an obljue projector. The
interference subspace has been estimated with a crossletquided by the system
4 seconds before the correction was applied, its dimensionas set to N, = 2.
In comparison, the red graph shows the corrected data when t interference
subspace is estimated at the same time the correction is apigld (as it could be
done oine). The jitter between 1500 and 2200s on the corrected signals
corresponds to the time when the satellite reaches the dirdion of interest. The
algorithm then tries to mitigate and recover the signals coning from the same
direction. No signal can therefore be recovered during thigime slot.

The red and black graphs do not show a marked di erence out of his time
slot. The interference subspace seems constant enough at enall time scale
( 4s) for the algorithm to be e cient when the corrections are applied after
the interference subspace has been estimated.
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5.5 Conclusions on RFI mitigation implementa-
tion

Di erent assumptions are made while developing an algoritim. Implementing it
on a real system requires rst of all the validation of these asumptions. Without
these validations, the theoretical and real performance ofin algorithm cannot
be compared.

The usual assumptions made in spatial Itering applications concern the an-
tenna array calibration and noise coupling, the narrow bandproperty of the sig-
nals impinging the array and, in radio astronomy, the negligble signal strength
of the source of interest (cosmic source).

In a rst approach, the aim of the implementation made on the radio tele-
scope EMBRACE was to demonstrate the possibility of incorpeating a real
time interference mitigation process into the system signhpath. Quantifying
the interference attenuation is also another important pont in this project.

When cosmic sources are no longer negligible, the most acaie interference
subspace estimation technique would require a lower levehiplementation on
the system by, for example, allowing cyclostationary or time-lagged covariance
matrices calculations.

The data provided by EMBRACE are however suitable for an interference
mitigation algorithm. The crosslet matrices contain all the statistical infor-
mation about the sources impinging the array, and particulaly the interfer-
ence. Once the interference subspace has been estimated, @amforming vector
nulling them can be set at the antenna array output.

The algorithm presented in this chapter has been implementd on one beam
of the radio telescope EMBRACE. Di erent scenarii were seleted to evaluate
its performances on the radio telescope by observing simaheously the same
direction with one corrected beam and another beam without &y processing.
The algorithm performance cannot, however, be easily quamied since there is
no comparison possible between processed corrupted data dimterference-free
data.
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Chapter 6

Conclusions and Future
work

6.1 Conclusions

This thesis addresses spatial interference mitigation fophased antenna array
radio telescopes.

After building an antenna array data model, based on assumgbns regard-
ing the dierent signals impinging the radio telescope, spaial Itering tech-
nigues are introduced. Popular beamforming techniques arérie y discussed,
then projection approaches are presented. The concept shed by both the or-
thogonal and oblique projectors is to project the interferexce subspace out of
the antenna array data vector space. Figure 3.10 particuldy shows that in a
noise-free model, the oblique projector is able to perfectl recover the source
of interest, whereas the performance of the orthogonal pra&ctor depends on
the orthogonality between the interference and source of iterest subspaces. In
terms of RFI rejection and SOI gain after processing, projetton techniques are
preferable to beamforming techniques, as shown on Figure B3.

An interference subspace subtraction technique is also inbduced. As long
as the di erent assumptions regarding the data model hold (alditive model,
interference spatial signatures perfectly known...), ths technique shows good
results.

The signals' spatial signatures, especially for RFI, are cosidered as un-
known for two reasons : there is no a priori information aboutthe interfering
environment, and the antenna array is considered as being walibrated. In
general, blind approaches are preferred in radio astronomyor these reasons.
Their estimation remains however an important stage of a sptial RFI mitiga-
tion algorithm. Depending on the technique, the estimation can concern the
individual RFI spatial signatures, or the basis spanning the RFI subspace.

RFI subspace estimation is addressed in Chapter 4. Based onMR statistical
parameters, three covariance matrices are of interest : thelassical covariance
matrix, the cyclic and conjugate cyclic covariance matrix, and the time-lagged
covariance matrix. In a rst approach, the RFI subspace is etimated based on a
single matrix. In a second approach, multiple covariance maix techniques are
suggested. Figure 4.9 shows that an ALS-based joint diagotiaation applied

125



126 CHAPTER 6. CONCLUSIONS AND FUTURE WORK

to multiple time-lagged covariance matrices is the most acaerate among all the
RFI subspace estimation techniques presented in this thesi

Finally, real data processing is presented in the last chapr. The rst sec-
tion shows results of most of the techniques presented in thi thesis applied
o ine to LOFAR Low and High Band Antenna data. Results on LBA d ata are
graphically convincing, especially concerning the timedg RFI subspace estima-
tion technique (see Figure 5.3) and the oblique projection ad RFI subspace
subtraction approaches (see Figures 5.7 and 5.8).

The second section presents an RFI mitigation algorithm impementation.
The implementation was conducted on the radio telescope deaonstrator EM-
BRACE. Based on the data available at the system output, the (single) classical
covariance matrix approach was chosen in order to estimatehte interference sub-
space. Once estimated, this subpace and a direction of intest were used to
build an oblique projector, and then a corrected beamforminy vector. Prelim-
inary tests on GPS satellite drift scans show that the algorthm response is in
accordance with the expected response (see Figure 5.32 fotaenple).

6.2 Future work

In a corrupted radio-environment, the main goal of RFI mitigation for radio
astronomy is to perfectly recover astronomical sources. Mst of the interference
mitigation techniques are compared with respect to their RH attenuation (or
rejection) performance, but not necessarily with respect 6 their performance in
recovering the Signal-Of-Interest. Generalized performace criteria need how-
ever to be set in this way, since perfectly recovering the sigal of interest remains
the main goal.

The data model introduced in this thesis assumes several sigl character-
istics. For instance, the system noise is assumed to be unaefated. This
assumption no longer holds for dense aperture arrays, whenngenna elements
are too close to each other for mutual coupling to be neglecte Whitening can
be applied to antenna array output data, in order to make the noise covariance
matrix diagonal. However, investigating spatial Itering techniques in the case
of non-diagonal noise covariance matrices could improve #h practical perfor-
mances of current approaches. Another example concerns thieterference mul-
tipath e ect. Neglecting this e ect leads to assuming that t he RFI covariance
matrix is diagonal. Depending on the assumptions made on thalata model,
interference subspace estimation based on diagonalizatiomight not provide
accurate enough estimates in the case of RFI multipath. Nordiagonal matrix
transformation, like triangularisation, should also be investigated.

The performance of an RFI mitigation algorithm depends not anly on the
spatial Iter performance, but also on the interference sutspace estimation ac-
curacy. Subspace tracking techniques, for example, wouldighly improve their
performances. For xed RFlI, the estimation would practically be more accurate
due to a longer integration time compared to techniques bas# on covariance
matrices released by the system (1 second for EMBRACE). For raving RFI,
interference spatial signature prediction would increasehe performance of RFI
mitigation algorithms when applied in real time.

Spatio-temporal ltering techniques have already been stulied in di erent
elds. Applied to radio astronomy, their use could also improve the perfor-
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mances of current spatial Itering approaches, particulady by considering the
frequency dependence of spatial signatures inside an antea array frequency
subband.
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Appendix A

Multipath e ect and rank
analysis

Any emitted electromagnetic wave can be subjected to multipe re ections, and
therefore impinge an antenna array radio telescope multigé times. While re-
ceiving one (or more) signals from an (arbitrary) primary emitter, the array also
receives a time-shifted copy of this signal.

Cosmic sources are uncorrelated by nature (see section 232. The cos-
mic sources covariance matrixR ¢(t; ) is therefore assumed to be diagonal (i.e.
Efca(t+ 5)em (t 3)g=0for i 8 j,8).

However, RFI signals are easily subjected to multi paths prpagations. Con-
sider the following narrowband interference-only data moel:

|
X (t) = Ay (6 rom o rem Mt nm ) (A1)
n=1 m=1

We have hereN, uncorrelated interference signals impinging the radio tes-
scope. Each interference, (t), n 2 [1:::N,], is subjected toM,, 1 re ections,
and is therefore copiedVl, times at the antenna array output as coming fromM
di erent directions. .., represents here a time delay caused by the path length
di erence between an interference signal ef_mtted by a @{lmay emitter and its
copy emitted by any re ective device. The ., My n ‘1 M, interference
covariance matrix R, (t; ) related to this data model is then block-diagonal. Its
coe cients are de ned by:

8;n 2 [1:::N;I;m2[1:::My]

r%'n omm o( ) = Efrp(t nm t *)rno(t no%m?o E)g (A.2)

with 2 oo )=0forné n%and 2 opno( )= (6 amt nomo)
for n = n% with r,(t; ) the autocovariance function ofr,, (t).

For simplicity, suppose we have only one interference(t) following 2 di erent
paths. The simpli ed data model is then expressed by:

Xe() = ar, (t vy v IrO+ ar, (6 o o r(t 12) (A.3)

with 1., the time delay between the two copies of the signat (t) due to the
di erence in path lengths.
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First, we consider the two path lengths close enough for;., to be neglected.
The two copies of the signalr (t) are then said to befully correlated. We have:

Xf(t) (ar1(t; 1’1; I’1)+ afz(t; fz; Tz))r(t) (A4)
a (t 7 )r(t) (A.5)

The resulting covariance matrix of this model is 2-dimensimal since two
signals impinge the antenna array. However, its rank is oneince its four coef-
cients are the same.

Now, lets consider the path lengths di erent enough for 1., not to be ne-
glected. The two signals are said to beartially correlated.

With rq(t) = r(t) and ro(t) = r(t  1.2), we have:

— fl(t; 0) fl;fz(t; 0)
RiZ @0 (60 (A6)
r (t; O) r (t; 1;2)

- r (6 1:2) r(t 1:2;0) (A.7)

with  (t; ) the autocovariance function ofr(t) and ,.,(t; ) the covari-
ance function of r1(t) and r,(t).

The covariance matrix of this data model is now full-rank.

The rank of the RFI covariance matrix depends then on the numler of
interference signals impinging the antenna array, the amont of path each of
them is following and on the kind of multipath e ect they are subjected to
(fully or partially correlated).

In a noise-free scenario, the rank of the covariance matriR (t; ) is theoret-
ically the sum of the rank of the cosmic sources covariance niax R.(t; ) and
the rank of the interference covariance matrixR, (t; ):

Rank(R(t; )) = Rank( R¢(t; ))+ Rank( R((t; )) (A.8)

However, in practice, the rank ofR (t; ) also depends on the frequency band-
width over which this matrix has been evaluated and on the sigal's narrow band
properties [109]. Indeed, consider the non-zero-bandwitit signal expressed in
eq.2.2 impinging an antenna array radio telescope. It has ken seen in section
2.2.1 that the propagation delay related to a narrow band sigal s(t) impinging
an antenna array at an antennal, and relative to an antennak, has a frequency
dependence ¢ 127 o ), The spatial signature of s(t) is therefore time, fre-
guency and direction dependent. Ifag(t;fo; ; ) is the spatial signature related
to the signal s(t):

x(t) = as(t;fo; 5 )s(t) (A.9)

and if the subband of interest is larger than f, then the covariance matrix
of x(t) is de ned by:

Zor

R(t; )= Efs(t+ E)s (t 5)g as(t;f; ; H)al(f; )dF  (A10)
f f

0 2
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This resulting covariance matrix is clearly full-rank since it can be seen as
an in nite sum of zero-bandwidth signal covariance matrices. The e ective rank
of a covariance matrix in a non-zero-bandwidth case is de nd as the amount
of eigenvalues higher than the noise power in a noisy scenati

On real data, the amount of signals impinging an antenna arrg radio tele-
scope can therefore not be estimated using a rank analysis dfie covariance
matrix. However, other techniques allow this estimation, & seen in Chapter 5.
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Appendix B

Noise coupling model

When the distance di; between antennask and | of an antenna array radio
telescope is large enoughd; , with  the observed signal wavelength), the
noise mutual coupling between the antennas can be neglectedThe resulting
noise covariance matrix R, (t; ) is then diagonal. Moreover, if the array is
calibrated, R (t; ) is expressed in the following way:

Ro(t; )= 7l (B.1)

Unfortunately, the distance between the antennas of an arrg radio telescope
is not always large enough. The noise mutual coupling can the be seen as a
non-zero noise correlation between two (or more) antennas.

Many array signal processing techniques involving a matrixdecompaosition
require a diagonal noise covariance matrix, as seen in thishesis. When this
condition is not veri ed, the following two techniques can be applied to the
radio telescope output covariance matrix R(t; ) in order to get rid of this
disadvantage [20].

The rst technique requires an estimate R, (t; ) of Rn(t; ). Since the sec-
ond order data model shown in eq.2.14 is additive, a noise caviance estimate
could lead to a noise-free data covariance estimateR ¢ (t; ), simply by sub-
tracting:

Ree(t )= R( ) Ra(t ) (B.2)

However, subtracting the noise covariance matrix estimat€from the antenna
array covariance might result in the latter no longer being positive de nite,
and the positive de niteness of the covariance matrix is neessary for most of
the interference techniques presented here. The second tedque also requires
an estimate of R (t; ). This technique consists in whitening R(t; ) in the
following way:

Ruw(t )= Ra(t ) 2R(t )Ra(t ) )M (B.3)

Applied to the covariance data model in eq.2.14, the noise a@ariance matrix
of the whitened covariance matrix is now the identity matrix:
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Ru(t; )= Ra(t ) 2(Ac Ro(t ) AN +A Ri(t ) AlM)(Ra(t; ) %) +1
(B.4)

The Figure B.1 shows an example of the structure taken by a naie covariance
matrix on the LOFAR Low Band Antenna array. The Figure B.1.(a) is the
Power Spectral Density of the observation. The green point a this spectrum
corresponds to an interference-free subband (centered & 46 MHz), whereas
the red point corresponds to a corrupted subband (centeredtaf; 21:7 MHz,
broadcasting frequency bandwidth).

The Figure B.1.(b) is the covariance matrix calculated atfo. Since no inter-
ference impinges the antenna array at this frequency, the c@riance matrix is a
good approximation of the noise covariance matrix of the sy®m. Its structure
is diagonal.

The Figure B.1.(c) is the covariance matrix calculated at f1. Since the
considered subband is corrupted by an interference, the caviances between
the antennas of the array are non-zero.

Figure B.2 is the same than Figure B.1, but with an observation made with
the LOFAR High Band Antenna (regular antenna array). The corrupted sub-
band considered here is centered atg 1396 MHz, corresponding to an avia-
tion or a land mobile signal.

Again, the covariance matrix is diagonal when no interferere corrupts the
observed subband.
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Figure B.1: Noise covariance structure example on real LOFR Low Band
Antenna data. 46-sub-antennas array, 512 subbands, 1024 sples. (a) Power
Spectral Density of a LOFAR (single) Low Band Antenna obsenation. (b)
Covariance matrix obtained at the frequency highlighted by a green point on
Figure (a). (c) Covariance matrix obtained at the frequency highlighted by a
red point on Figure (a).
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Figure B.2: Noise covariance structure example on real LOFR High Band
Antenna data. 24-sub-antennas array, 512 subbands, 1024 gles. (a) Power
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Covariance matrix obtained at the frequency highlighted by a green point on
Figure (a). (c) Covariance matrix obtained at the frequency highlighted by a
red point on Figure (a).
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Gegory Hellbourg
Traitement spatial des interérences pour les
radiokelescopes de nouvelle greration

La radio astronomieetudie les sources cosmiques au traveesldur rayonnement dans le domaine radio. Les astronomes,

ustilisateurs passifs du spectre electromagretique, ot faire facea une pollution radio de plus en plus importante

Cette thse s'ineresse particulirement aux interérence radio d'origine humaine (RFI), et comment les observations

radio astronomiques peuvent étre ealiees en bandes deqguences non-proegees.

Les approches classiques consistenta controller les aantres statistiques d'une observation. Une fois ceteces les
donrees polliees sont retiees avant post-traitement.

En plus d'autres avantages techniques par rapport aux radlescopes paraboliques classiques, les eseaux d'ames

orent une information spatiale lors d'une observation astmomique. La diversie spatiale entre source cosmique

d'inerét (SCOI) et RFI peut étre exploiee pour cevelopper des traitements spatiaux d'interérences.

Aprs la formulation d'un modle de donrees multidimensionnel,ne technique de soustraction de sous espace RFI est

introduite. Cette technique consistea soustraire la conbution des RFI aux donrees d'une observation.

La projection orthogonal a depet consiceee aupar avant. Cependant, l'orthogonalie requise entre CSOI et R pour
retrouver une source d'ineret non biaiee ne peut vraiseblablement pas étre satisfaite. Une approche base sur un
porjection oblique est introduite a n de palliera cette candition.
Les techniques de projections sont compaees au techniquelassiques de beamforming en termes de ejection d
l'interference et de ecugeration de la source d'inet.

Le sous-espace RFI est inconnu de manire gererale et se ddieétre estine. Plusieurs techniques permettant cette
estimation, bases sur des proprees statistiques desmR et sources cosmiques, sontegalement pesenees et compes.
Les dierentes techniques ontet appliqieesa des donrees astronomiques celivees par le radio tlescope Eopeen
LOFAR.

En n, une impementation d'un algorithme de traitement spatid d'interérences sur le cemonstrateur EMBRACE est
pesene.

Mots cks : Suppression d'interérences, Reseaux d'amnnes, Cycostationarie, Radioastronomie

Radio Frequency Interference spatial processing
for modern radio telescopes

Radio astronomy studies cosmic sources through their radio esions. As passive users, astronomers have to d
with an increasingly corrupted radio spectrum. The researgresented here focuses on man-made Radio Frequer
Interference (RFI), and how astronomical observations carelperformed in non-protected frequency bands.
Traditional approaches consist in monitoring radio telespes output data through statistical parameters. Once deteet,
the corrupted data is removed before further processing.

Besides other technical advantages compared to single digklio telescopes, antenna arrays provide spatial informatig
about astronomical observations. The spatial diversity beeen cosmic sources-of-interest (CSOI) and RFI can b
exploited to develop spatial RFI processing.

After formulating a multidimensional radio astronomical data mael, an interference subspace subtraction technique
introduced. This approach consists in subtracting RFI conlbutions from antenna array radio telescopes data.
Orthogonal projection applied to astronomical observationector spaces has already been considered by the past. T
orthogonality between RFI and CSOI subspaces is requiredraxzover the CSOI without bias. In order to avoid thig
latter requirement, an oblique projection approach is hergqposed.

The projection techniques are compared to classic beamformitechniques in term of interference rejection and CSO
recovering.

Being usually unknown, the RFI subspace has to be estimatedev8ral techniques allowing this estimation, based o
statistical properties of RFI and cosmic sources (whiteneaad cyclostationarity), are also presented and compared.

The di erent techniques have been applied to real astronongicdata, provided by the European radio telescope LOFAR.

A last section presents an RFI mitigation algorithm implementdeon the demonstrator EMBRACE.
Keywords : RFI mitigation, Antenna arrays, Cyclostationay, Radio astronomy
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