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Chapter 1

Introduction

In this chapter, we briefly review the historical development of radio interferometers, some basic
terms and concepts, and some fundamental mathematical concepts. The importance of signal
processing, and application of EM (Expectation Maximization) algorithm (Dempster et al., 1977)
in radio interferometry is discussed. The aim of this thesisand a brief outline of the next chapters
is also presented in the last section of this chapter.

1.1 Radio interferometry

An introduction to radio interferometry is given by Thompson et al. (2001). A radio interferom-
eter is an array of two or more radio receivers which coherently observe the same astronomical
object. The spacing between the receivers is referred to as the “baseline” (Fig. 1.2). Signals of
every pair of receivers get combined with each other in a correlator to make a coherent signal for
the corresponding baseline. Cross-correlation in fact decreases the noise level in signal, because
noise of different receivers are un-correlated. There are two significant advantages in the usage of
radio interferometers in comparison with the traditional single element radio telescopes. An inter-
ferometer superimposes the signals of different baselinesand achieves a high level of sensitivity.
Moreover, its angular resolution scales inversely with thesize of its longest baseline. Therefore,
the array could improve the resolution up to that of a single dish telescope with a diameter as large
as the size of the interferometer’s longest baseline.

1.1.1 Invention

After several unsuccessful attempts that have been made since 1860s to detect radio emissions
from stellar objects, in 1933, Karl Jansky, an American electrical engineer with Bell Telephone
Laboratories, constructed the first radio antenna receiverwith the purpose of locating sources of
telephone interference. He discovered a daily repeated radio signal with an unknown origin in his
records and hence he was able to trace to the center of the Milky Way Galaxy. Following his work,
in 1935, Grote Reber, another American electrical engineer, built the first 9 meter diameter dish-
shaped radio telescope. After 1945, major radio astronomical research groups were formed in
England, Australia, and The Netherlands. The first radio interferometer was constructed by Mar-
tin Ryle in 1946. The interferometer had the same design as a Michelson optical interferometer
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2 Introduction

(invented by Albert Michelson at 1887). It consisted of onlytwo steerable elements (dipole an-
tennas) whose distance could vary between 17 m and 240 m. Thisinterferometer quickly became
famous for the discovery of new objects which showed extremely high velocities. Solar observa-
tions which were carried out by Ruby Payne-Scott at roughly the same time (1948) also played a
very important role in early radio interferometry. She usedthe sea interferometer for her obser-
vations which was a single receiver interferometer made during World War II in Australia. The
instrument has been installed for radar at several costal locations near Sidney. The interferometry
technique was performed via its every single receiver absorbing the direct radiation of different
sources, plus their reflections from the sea. These discoveries stablished the application of inter-
ferometric arrays in radio astronomy with the goal of improving the resolution of observations
obtained by single element telescopes.

1.1.2 Developments

By the early 1960s, advances were made in the design of radio interferometers, as well as in the
principles of interferometry. In 1964, the “One-Mile” array at Cambridge University started to
operate. The array was used for the first time for the aperturesynthesis technique which mixes
signals from different receivers to produce images having the same angular resolution as a single
receiver with the size of the longest baseline. From that time, the main goal in the design of radio
synthesis arrays was to construct extremely long baselines, as well as a large number of receivers,
in order to increase the resolution, and the sensitivity, respectively. In 1969, the first large synthesis
array, Westerbork Radio Synthesis Telescope (WSRT), was built in the Netherlands. After that,
in 1971, the 5-km Ryle aperture synthesis radio telescope, was built at Cambridge University.
This interferometer was the first in generating subarcsecond images of radio galaxies and quasars.
Following those, from 1980s, radio interferometers such asthe Very Large Array (VLA)1, the
Very Long Baseline Array (VLBA)2, the LOw Frequency ARray (LOFAR) (van Haarlem et al.,
2013), the Murchison Widefield Array (MWA) (Lonsdale et al.,2009), the Precision Array to
Probe Epoch of Reionization (PAPER) (Parsons et al., 2010),the 21-cm Array (21CMA)3, the
Hydrogen Epoch of Reionization Array (HERA)4, and, currently under development, the Square
Kilometre Array (SKA)5 were designed.

Although there is always a limit in sensitivity that can be achieved using a radio interferometer
(the achievable sensitivity is limited by the receiver’s collecting area), there has been always a
great attempt to achieve their sensitivity limit in the smallest time scale possible. The reason
is that optical telescopes have always had the advantage of operating in real-time (the optical
astronomer can directly see what is being observed through the telescope). However, radio signals
are invisible, and only after they are transfered to computer and have been processed via various
software they can result into images. Reducing the time between observations (data collection
from the instrument) and imaging procedures is one of the main challenges in the radio astronomy,
because then the instrument can be instantly steered away from unexpected events or errors.

Minimizing the time delay between collecting radio signalsby an interferometer and imaging,
the network connections as well as the processing softwaresmust operate extremely fast. Provid-

1http://www.vla.nrao.edu/
2http://www.vlba.nrao.edu/
3http://21cma.bao.ac.cn
4http://www.reionization.org
5http://www.skatelescope.org
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ing fast and stable connectivity between the instrument andcomputers, or the Internet, or other
local or remote network resources or functions, in order to properly collect and deliver the raw
data is essential. On the other hand, various processes, depending on the purpose and quality
of observation and on the characteristics of the specific interferometer, must be executed on the
raw data before imaging. For instance, averaging or flaggingsome data initially. Among these
systematics and the most crucial one is calibration, the main topic addressed in this thesis.

1.2 Calibration

The raw data collected by a radio interferometer is a mixtureof corrupted emissions of radio
sources plus some noise. Calibration is the procedure of estimation and correction of the corrup-
tions in data. An efficient calibration procedure must be able to compensate for inaccuracies in
the other pre-imaging processes and to perform a complete true data recovery. Therefore, it plays
a key role in achieving the scientific goal of design of any radio interferometer. To illustrate this
importance, an image of1.5 × 1 degree area of the sky at 150 MHz using LOFAR, before and
after calibration, is presented in Fig. 1.1. The applied calibration technique is SAGE (Space Al-
ternating Generalized Expectation Maximization) calibration which is extensively introduced in
chapter 2. As Fig. 1.1 shows, a significant image-quality improvement is obtained by calibrating
the raw data. There are lots of artifacts in the un-calibrated image (image (a) of Fig. 1.1) and
sources look blurry. However, in the calibrated image (image (b) of Fig. 1.1), the artifacts are
much less and source boundaries look much sharper. Moreover, some new sources have appeared
in the calibrated image which were totally invisible in the uncalibrated one, and consequently,
were not included in the sky model. This proves that an accurate calibration can correct for errors
introduced by the other pre-imaging procedures (source modeling procedure in this particular ex-
ample) as well. Thus, calibration is essential for converting a “dirty image” into a “clean image”.

1.2.1 Corruptions in radio signals

Systematic corruptions of the radio signals radiated from celestial objects fall into two broad
categories, instrumental and non-instrumental.

1. Instrumental errors

• Receiver beam shape: directional voltage pattern of receivers which shows where the
receivers are sensitive.
When radiations from different directions of the sky hit a receiver, depending on their
angles, they induce a variable voltage level at the receiver. Receivers are aimed to
provide a high sensitivity towards a specific desired observing direction. To change
the directionality, one can use dishes which are moved to focus on a specific direction,
or can use beam-forming techniques to control the strength of signals coming from
different directions. The pattern of this electronic response, known as the beam, must
be determined before, or during, calibration.

• Receiver gain: combined effects of the low noise amplifiers,artificial filters, and Ana-
log to digital convertors.
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(a) (b)

Figure 1.1: An image of1.5 × 1 degree area of the sky at 150 MHz using LOFAR, before (a) and after (b)
calibration. The applied calibration technique is SAGE calibration which is extensively introduced in chapter
2. A significant image-quality improvement is obtained by calibrating the raw data. There are lots of artifacts
in the un-calibrated image and sources look blurry. However, in the calibrated image, the artifacts are much
less, source boundaries look much sharper, and some new sources have appeared which were totally invisible
before.
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Receiver gain is introduced due to different losses (inefficiencies), delays, and leak-
ages in the system. Standing wave patterns due to mismatchesin different components
of the system also contribute to this gain.

2. Non-instrumental errors

• Atmospheric effects.
As signals pass through the Earth’s atmosphere, especiallythe ionosphere, they get
affected from several sources of errors and correcting these errors is a significant chal-
lenge. The errors are mainly ionospheric phase fluctuationscausing signal delays and
decorrelations, Faraday Rotation which is the polarization rotation imposed over the
course of propagation of signal from its origin to the receiver, and tropospheric cor-
ruptions (for instance when variations in the level of watervapor in troposphere leads
to phase changes propagated radio signals).

• Radio Frequency Interferences (RFI).
RFI is caused by man-made corruptions, introduced by radio transmitters such as TV,
radar, wireless communications, and satellites. Also natural causes such as lightning
and solar flares cause RFI. It ranges from weak corruptions indata to a total loss of
data. Although RFI can be mitigated in data up to a very good level via several RFI
flagging techniques (Fridman & Baan, 2001; Offringa et al., 2010a,b), its remaining
effects in data are considered to contribute to receiver noise.

These systematic sources of interference must be recognised and studied so that steps can be taken
to minimize their effect. There are also other random errorsaffecting signals which are referred to
as noise. To summarize, radiated signals from radio sourcesfirst get corrupted by the atmosphere
and then by the receivers beam patterns. After that, the corrupted signals get cross-correlated
in a correlator and the outcome which includes also some noise is transfered to computers to be
processed. To a greater extent, some other corruptions introduced by the computer itself can also
affect the transfered data. For example, when calibrating or imaging using a specific source model
while the model has errors itself. All these sources of corruptions are illustrated by Fig. 1.2 which
shows a basic radio interferometer including only two receivers.

1.2.2 External calibration and Self-calibration

There are two major calibration approaches for removal of the mentioned errors in incoming
signals: (i) external calibration and, (ii) self-calibration (Pearson & Readhead, 1984). Note that the
“external calibration” is referred to as the “internal calibration” by Pearson & Readhead (1984).

The classical calibration method, named external (primary) calibration, is performed using
pre-knowledge of properties of some bright reference sources, referred to as calibrators. Based on
the error characteristics that are obtained for a calibrator, it corrects for the sources around the cal-
ibrator. “Fringe rate mapping” (Moran et al., 1973; Reid et al., 1980), as well as “phase mapping”
(Walker et al., 1978) are two examples of external calibration methods. Ideally, the calibrators
should be point sources and isolated from the other sources in the sky, because then one is able to
properly measure the errors in their signals. There are several disadvantages in the usage of exter-
nal calibration. The performance of the technique is directly affected by the accuracy with which
the calibrators are known. Moreover, choosing isolated bright reference sources in a wide field
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Figure 1.2: A basic radio interferometer including only two receivers which receive signals from far away
radio sources. The radiated signals from sources are corrupted by the atmosphere as well as by the receivers
beam patterns. The corrupted signals plus the receiver’s thermal noise get cross-correlated in a correlator
and then they are transfered to computers to be processed.
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of view is almost impractical, and even when it is possible, external calibration gives information
only around the direction of the calibrators. With the resolution requirements increasing, external
calibration was not good enough, and hence, it was replaced by self-calibration.

Self-calibration overcomes the main limitation of the external calibration method, i.e., cali-
brating only the area close to the calibrators, by using every source itself for its calibration. It also
does not need access to exact characteristic of some source.Given a rough estimate of the true
sky and a proper instrumental model, self-calibration utilizes the observed data for estimating both
the unknown instrumental and sky parameters. The technique’s quality is increased by iterating
between the sky and the instrument. Thus, its accuracy is also not limited by the pre-knowledge of
some specific sources. These advantages are enough reasons to make self-calibration the method
of choice in comparison with the external calibration, as itis in this thesis. Some examples of
the self-calibration techniques are the method of Redhead and Wilkinson (Baldwin & Warner,
1976, 1978), CLEAN (Högbom, 1974), calibration via Maximum Entropy method (Sanroma &
Estalella, 1984), and Redundancy method (Noordam & de Bruyn, 1982) (a detailed introduction
of self-calibration techniques is presented in (Pearson & Readhead, 1984)).

1.2.3 Data model

The basic need for an efficient self-calibration run on the raw data is to have reasonable sky and
instrumental models. Sky models can be provided by optical or radio catalogs. There are also
various software, such as Duchamp (Whiting, 2012), and BuildSky (Yatawatta et al., 2013), for
producing sky models from the initial image obtained from the raw data. Thus, having a proper
mathematical measurement equation is the main concern.

In order to model the correspondence between the observed and true skies, we use the general
measurement equation introduced by Hamaker (2006). The equation is obtained by formulating
the corruptive effects in celestial radio signals that wereintroduced in section 1.2.1 as follows:

y = s(θθθ) + n. (1.1)

In (1.1),y is the observed data,s is a non-linear function representing the corruptions,θθθ is the
unknown sky and instrumental parameters that needs to be estimated, andn is the noise. From
(1.1) it is clear that calibration is a non-linear optimization problem, and for solving it, array
signal processing techniques are utilized. After calibration, the data is corrected for systematic
errors and the Fourier transform of the data is taken to make images. However, due to incomplete
sampling of the Fourier plane and due to the curvature of the sky, simple Fourier transform will
not produce good images and signal processing is also used toget better images. We use CASA
(http://casa.nrao.edu) software for all imaging tasks in this thesis.

1.3 Array signal processing for radio interferometry

Array signal processing is signal processing of the outputsof an array of receivers. Radio in-
terferometry forms an interesting application area for array signal processing techniques. The
measurement equation presented by (1.1) is a non-linear signal processing data model. Conse-
quently, array signal processing can make a considerable contribution in solving for problems
such as self-calibration (using weighted least squares algorithm(Wijnholds & van der Veen, 2009)
or Maximum Likelihood estimation algorithms(Boonstra & van der Veen, 2003; Kazemi et al.,
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2011; Kazemi et al., 2013c; Kazemi & Yatawatta, 2013)), interference removal (using spatial fil-
tering (Fridman & Baan, 2001; Leshem & van der Veen, 2000)), and image formation (using
inverse Fourier techniques (Levanda & Leshem, 2010; Leshem& van der Veen, 2000)).

Beam forming is also a signal processing technique that is used for observing radio signals
from specific regions of the sky. Radio dishes mechanically turn to observe different parts of sky.
However, phased array receivers, such as the ones used in LOFAR and SKA, have no moving
parts. Therefore, for such antennas, beams are electronically steered to observe specific regions
of sky.

Data from these antennas are transported to correlators, where they will be synchronized,
cross-correlated, and divided to various frequency channels, again using signal processing tech-
niques. At the same stage, signal processing filtering schemes also can be used to pre-process
the data in order to remove interfering radio frequency signals that would contaminate the data.
On the other hand, as was mentioned in section 1.1.2, the mostimportant challenge in the cur-
rent radio interferometry is developing software to: (i) produce the best quality images (ii) using
the fastest computational speeds. Such processing software have computational requirements far
beyond the capabilities of the general purpose computer software which have traditionally been
used in radio astronomy signal processing. Thus, there is anincreasingly need for developing new
signal processing libraries which could speed up various tasks of those softwares.

A common task in signal processing is estimation of parameters of a probability distribution
function. For instance, statistical estimation of the meanof a signal in the presence of noise. Such
parameter estimation problems become more complicated when there is no direct access to the
underlying data distribution, or some data are missing. Forexample, consider the case in which
the outcome is a result of an accumulation of simpler un-observed outcomes. There may also
be data dropouts in such a way that even the number of underlying outcomes is unknown. The
EM (Expectation Maximization) algorithm (Dempster et al.,1977) is ideally suited to problems
of this sort. The algorithm is capable of producing ML (Maximum Likelihood) estimation of
parameters when there is a many-to-one mapping from underlying distributions to the general
observed distribution.

1.3.1 The EM algorithm

EM (Expectation Maximization) algorithm estimates ML (Maximum Likelihood) of parameters
when some variables are un-observed by assuming the existence of and values for some underlying
hidden variables. There are two main advantages in using theEM algorithm. The first is obtained
when the data have missing values, due to problems with (or limitations of) the observational
procedure. In such cases, the EM algorithm can converge by re-producing the missing values
via those hidden variables. The second advantage is when optimizing the likelihood function is
analytically intractable. The EM algorithm simplifies the likelihood function using the hidden
variables and iteratively converges to an ML estimation.

The EM algorithm consists of two major steps:

1. E-step (Expectation step): Compute the expected value of the hidden variables using the
current estimate of the parameters and the observed data.

2. M-step (Maximization step): Use the data from the E-step as if it were actually observed
data to determine an ML estimate of the parameters.

These two steps are iterated until convergence. The conceptis illustrated in Fig. 1.3.
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Figure 1.3: An overview of the EM algorithm. After initialization of parameters, it iterates between estimat-
ing hidden values and ML of parameter until convergence.
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1.3.2 History

The EM algorithm was invented by Arthur Dempster (Dempster et al., 1977) who generalized
the method for the first time, sketched its convergence analysis for a wide class of problems, and
named it as the “EM algorithm”. However, before Dempster et al. (1977), the algorithm was
employed by several other researchers. For instance, Dempster et al. (1977) found the earliest
usage of the EM algorithm in McKendrick (1925). To go even further in time, the EM algorithm
and many other popular statistical methods are in fact originated from Fisher (1925). However,
(Dempster et al., 1977) gave the algorithm the “EM” title forthe first time and demonstrated
its general application for the cases in which some data is missing (in the presence of hidden
variables). After Dempster et al. (1977), an enormous and increasing amount of articles employing
the EM algorithm were annually published.

1.3.3 Convergence

Since EM is an iterative algorithm, the question of its convergence needs to be addressed: Does
the EM algorithm converge to a solution? The answer is yes. Itis proved that the EM algorithm
guarantees a stable convergence to an ML estimate. Dempsteret al. (1977) has presented an
analytical proof of the convergence of the algorithm for thefirst time. However, the proof was
incomplete in the sense that it does not prove that the solutions that EM converges to are in fact
ML estimates. Later on, Xu & Jordan (1995); Boyles (1983) presented a detailed discussion
of the convergence of the EM algorithm to ML estimations of parameters. The proof can be
generally stated as: at every iteration of the EM algorithm,parameters are updated such that the
likelihood function does not decrease. That is, at every iteration, the estimated parameters provide
an increase in the likelihood function until a local maximumis obtained, where the likelihood
function can not increase anymore, but will not be decreasedas well.

There are two major points in convergence of the EM algorithmthat must be taken into ac-
count:

1. There is no guarantee that the EM algorithm converges to a global maximum. For a likeli-
hood function with multiple maxima, convergence will be towards a local maximum which
depends on the initial parameter estimates (starting point).

2. Based on mathematical and empirical examinations, the convergence rate of the EM algo-
rithm is usually slower than the quadratic convergence typically obtained by Newton-type
optimization methods (Redner & Walker, 1984). However, near the maximum likelihood,
convergence rate depends on the eigenvalues of the Hessian matrix of the update maximiza-
tion function, so that a rapid convergence can be obtained (Dempster et al., 1977).

Even considering the above points, there are many advantages in using the EM algorithm instead
of Newton-type methods. For instance, using EM, there is no chance of diverging away from the
maximum, and a stable convergence to an ML estimate is guaranteed (Moon, 1996).

1.3.4 Speeding up the EM algorithm

EM algorithm gets its popularity due to its easy implementation and stable convergence. How-
ever, since its convergence rate can be slower than the quadratic convergence in some applications,
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various attempts have been made at speeding up the algorithm, either by simplifying the compu-
tations, or by increasing the rate of convergence Roche (2003). Those EM variants include:

• Aitken’s acceleration of EM
Dempster et al. (1977) proposed the combination of the EM algorithm with the Newton-
Raphson method for speeding up the standard EM iterations. This causes important imple-
mentational issues. Besides, Aitken’s acceleration of EM does not guarantee a convergence
since the monotonicity property of the standard EM algorithm is lost.

• CEM
CEM (Classification EM) algorithm, proposed by Celeux & Govaert (1992), estimates a
hidden variable, from which the missing values are generated, when it estimates the ML
of parameters at every iteration. This provides the CEM algorithm with several advantages
compared to the standard EM algorithm. For example, being easier to implement and typ-
ically faster to converge. However, since CEM maximize the likelihood function using a
complete data instead of the initial incomplete-data, again the monotonicity property of EM
is lost. Hence, the convergence is not guaranteed anymore and more careful monitoring is
needed.

• AEM
Jamshidian & Jennrich (1993) introduced AEM (Accelerated EM) algorithm which is a con-
jugate gradient approach which trades off between EM and itsAitken’s acceleration. The
method has the advantage of line maximizations, which makesthe monotonicity property
of EM safe. However, its weak point is that it needs more numerically complex implemen-
tations.

• ECME
Meng & Rubin (1993) introduced ECM (Expectation Conditional Maximization) method
to deal with cases in which the standard EM maximization step(M-step) is intractable. In
ECM, the maximization problem is replaced with a number of lower dimensional maxi-
mization problems that all must be solved sequentially at every iteration. That makes com-
putations of the maximum likelihood much simpeler and retains the stable convergence
properties of the standard EM algorithm (the monotone convergence of the likelihood val-
ues is kept). However, the ECM algorithm has the disadvantage of converging more slowly
compared to the standard EM algorithm. Efforts for speedingup the ECM algorithm were
resulted in two other generalizations of the EM algorithm: ECME, and SAGE.

Liu & Rubin (1994) recognized that in some applications of the ECM algorithm, running
the standard likelihood maximization of the EM algorithm (M-step) as a posterior operator
on the ECM maximizations can provides a faster convergence.Therefore, Liu & Rubin
(1994) introduced the ECME (Expectation Conditional Maximization) algorithm whose
maximization step iseithera standard EM maximizationor a ECM maximization. In the
case of having mixture models, ECME benefits from a faster convergence rate compared to
the standard EM algorithm.

• SAGE
Fessler & Hero (1993) developed the SAGE (Space AlternatingGeneralized Expectation
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Maximization) algorithm without knowing the ECM or ECME algorithms. As it is ex-
plained, ECM algorithm starts with the standard EM algorithm and then, for its maximiza-
tions, it breaks the problem to several smaller problems. Incontrast, the SAGE algorithm
initially partitions the parameters and defines for every subset of parameter a smaller ML
estimation problem, and then it runs the standard EM algorithm on each reduced problem
(which may still have no analytic solution). It is proved that the algorithm is very efficient
for speeding up the standard EM algorithm since the amount ofdata augmentation needed
for the smaller problems can be much less than that needed forthe original big problem.
This faster speed of convergence was specially shown by applications of the algorithm to
the Poisson imaging model.

• AECM
Meng & Dyk (1997) introduced AECM (Alternating ECM) algorithm as a combination
of the ECM and SAGE algorithms. The method achieves efficientcomputations having
the data augmentation flexibility of the ECM algorithm as well as the model reduction
properties of the SAGE algorithm at the same time.

• PX-EM
Liu et al. (1998) suggested the PX-EM (Sparse EM) algorithm for speeding up the standard
EM method. The main idea of the algorithm is to track the hidden variable in a subspace
of the original search space (observed values). EM variantssuch as the CEM algorithm all
could be utilized in this scheme. PX-EM procedures typically have strong computational
advantages. However, they are prone to estimation bias because they estimate ML on a
reduced search space which may not contain the maximum likelihood solution at all.

• CEMM
Celeux et al. (1999) introduced the CEMM (Component-wise EMfor Mixtures) algorithm
as an extension of the SAGE technique to be applied to constrained likelihood maximiza-
tion problems. Such problems arise typically in maximization of a mixture model, when
the sum of mixing proportions is constrained. The general idea is that CEMM uses a La-
grangian dualization method to recast the initial constrained ML estimation problem into an
unconstrained maximization problem by defining a suitable penalized log-likelihood func-
tion. It has been proved that under mild regularity conditions, the algorithm converges to a
stationary point of the likelihood.

• Incremental EM
The OS (Ordered Subsets) algorithm (Hudson & Larkin, 1994) accelerates the convergence
rate of ML estimations. This method decomposes the likelihood function to several sub-
surrogate functions and updates the parameters by using thegradient of one, or some, of
the sub-surrogate functions as an approximation to the likelihood function’s gradient. At
the initial iterations, when the parameters are far from themaximum likelihood point, these
approximations can be efficient substitutions for the gradient of the likelihood function, and
they can significantly accelerate the computations. However, OS methods usually do not
converge but rather get stuck at a sub-optimal limit cycle.

Incremental optimization transfer method (Ahn, 2004) was developed with the goal of
achieving convergence for the OS method. The difference between OS method and the
incremental optimization transfer method is that OS uses only a partial gradient at every
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iteration whereas incremental optimization transfer usesthe whole gradient which is in-
crementally updated. The success key of the incremental transfer algorithm is that at the
maximization steps, it uses all the most recent sub-surrogate functions while updating pa-
rameter with respect to only one sub-surrogate function. The algorithm is a general frame-
work for developing many different optimization algorithms by using different application-
dependent surrogate functions. Incremental EM (Neal & Hinton, 1999) is a special case of
the incremental optimization transfer algorithms which uses EM surrogate function at its
iterations. The convergence arte of the method is faster than the standard EM algorithm,
while is still slower than those non-convergent OS-EM type algorithms.

1.4 Applying EM variants to calibration problem

From a signal processing point of view, calibration is the process of ML estimation of the sky
and instrumental unknown parameters using a non linear optimization technique such as the LM
(Levenberg Marquardt) algorithm (Levenberg, 1944; Marquardt, 1963). An in depth overview
of existing calibration techniques are given in Boonstra & van der Veen (2003); van der Veen
et al. (2004). Utilizing such techniques, the sensitivity limit that can be achieved using present
radio interferometers is already reached. For instance, this is shown for LOFAR, which can be
considered as a pathfinder for the next generation interferometric arrays, by van der Tol et al.
(2007). However, despite such instrumental limitations, there is still space for improving the
computational cost, or the speed of convergence, of calibration techniques. That lead us toward
the use of EM variants for speeding up the calibration procedures. The EM algorithm benefits
from the essential property of increasing the likelihood atevery iteration. Therefore, those EM
variants which have fast speed of convergence could be the best candidates to be applied to the
calibration problem.

The standard EM algorithm is used for calibration by Kazemi et al. (2011) (chapter 2). Al-
though it guarantees a stable convergence, it suffers a slowrate of convergence. Utilizing Aitken’s
acceleration of EM, CEM, AEM, or PX-EM for the calibration MLestimation is not proposed
since the methods are not always convergent (the monotonicity property of EM is lost). AEM is
not an option either due to its complicated implementation.the ECME algorithm as well as the
SAGE algorithm are applied to the calibration problem by Kazemi et al. (2011) (chapter 2) and
Kazemi & Yatawatta (2013) (chapter 6), respectively, and ithas been shown that both the methods
result better convergence rate compared to standard calibration techniques. OS acceleration of the
SAGE algorithm, proposed by Kazemi et al. (2013c) (chapter 3), also significantly improves the
speed of convergence of calibration at initial iterations of ML estimation.

1.5 This thesis

The subject of this thesis is introducing the application ofsome well-known signal processing
techniques to self-calibration of radio interferometers,in order to:

• increase the speed of convergence of the calibration’s procedure,

• minimize self-calibration bias,

• optimize the directions in the sky that must be solved for,
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• minimize the effects of outliers in data,

• and minimize loss of fluxes of un-modeled sources.

The result is calibration that is faster by orders of magnitude than before. There is a great interest
in application of such methods to calibration for a large-unknown parameter space (the number of
the unknowns is proportional to the number of reference sources in the sky, as well as the number
of receivers in the instrument). The dissertation combinescontributions to the literature: Kazemi
et al. (2011); Kazemi & Yatawatta (2012); Yatawatta et al. (2012); Kazemi et al. (2012, 2011,
2013b,a,c); Kazemi & Yatawatta (2013).

1.5.1 Outline and summary of the thesis

In chapter 2, application of SAGE algorithm (Fessler & Hero,1994) into calibration problem is
presented. The introduced SAGE calibration method (Kazemiet al., 2011) has the advantage
of iterating over sources in the sky and solving for every source individually. Because of that,
its execution time can be significantly faster than the methods that solve for all the unknowns
simultaneously at every iteration, such as LS (Least Squares) calibration. Results illustrate that
more accurate solutions in a much shorter time are obtained by SAGE calibration in comparison
with LS calibration.

In chapter 3, application of the OS (Ordered-Subsets) algorithm (Hudson & Larkin, 1994;
Erdogan & Fessler, 1999) for speeding up the convergence at initial iterations of calibration tech-
niques is shown. OS type calibrations (Kazemi et al., 2013c)use partitions of data, rather than
the whole observed data, to solve for unknowns. The calibrations benefit from very fast computa-
tions and preserve almost the same quality as (never higher than) the one obtained by the non-OS
calibrations. Promising performance of OS calibrations isshown in simulations.

In chapter 4, clustered calibration (Kazemi et al., 2011, 2013b) technique, which is calibrat-
ing for groups of sources simultaneously, is introduced. The goal is upgrading weak signals of
faint sources via signals of other near-by sources in order to increase the information level, and
consequently, the accuracy of solutions. For this purpose,sources are grouped into clusters and
calibration is performed to solve for a single solution per cluster. As a direct result, clustered
calibration achieves a novel speed of convergence because (i) it solves less number of directions
than the number of sources in the sky, and (ii) it has less number of iterations compared to the un-
clustered calibrations due to the fact that it uses information of the upgraded signals to calculate
solutions.

In chapter 5, a fuzzy clustered calibration is introduced. Applying fuzzy clustering to cal-
ibration in order to define clusters with soft boundaries, where every individual source can be
contributed to more than one cluster, is more accurate and efficient than dedicating every source
to exactly one cluster as in chapter 4. As a result, in fuzzy clustered calibration, every source sig-
nal is considered to be corrupted by a linear combination of the sky errors of all the clusters. This
is where in non-fuzzy clustered calibrations, the solutionof every source is only the one obtained
for the centroid of the cluster that the source belongs to. Therefore, fuzzy clustered calibration is
provided with a faster speed of convergence compared to non-fuzzy clustered calibrations.

In chapter 6, the use of Student’s t distribution in radio interferometric calibration is proposed.
Compared with traditional calibration that has an underlying Gaussian noise model, robust cal-
ibration (Yatawatta et al., 2012; Kazemi & Yatawatta, 2013)using Student’s t distribution can
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handle situations where there are model errors or outliers in the data. Moreover, by automati-
cally selecting the number of degrees of freedom during calibration, it also has the flexibility of
choosing the appropriate distribution even when no outliers are present and the noise is perfectly
Gaussian. Results show the robustness of the calibration method, especially in preserving the flux
of weaker sources that are not included in the sky model.


