
MeerKAT 

Interna,onal GHz Tiered Extragalac,c Explora,on 

MIGHTEE

Russ	Taylor	

SKA	Research	Chair	

University	of	Cape	Town	&	University	of	the	Western	Cape	

	
Director	

Inter-University	Ins?tute	for	Data	Intensive	Astronomy	



Southern Africa:  SKA-mid frequency dish array

2500 dish antennas  



•  64	13.5m	parabolic	dish	array	

•  Constructed	at	SA	SKA	Site	for	incorpora?on	into	SKA1		

MeerKAT - phase 0 of SKA-mid



		

500 km 

KAROO Radio Astronomy Reserve



MeerKAT Core StationsMeerKAT Array Configura,on



MeerKAT Array

VLA	D+C+B	configura?on	all	at	once,	with	4	?mes	the	FoV	and	shorter	baselines.	



MeerKAT Array



MeerKAT Array



Comparison of beam patterns 

		

SEFD	similar	to	at	VLA	antenna	

MeerKAT	

•  High	main-beam	efficiency	(high	sensi?vity)	

•  Wide	antenna	paWern	(large	field-of-view)	

•  Reduced	scaWering	(clean	response	and	low	scaWering)	

										Powerful	wide	field	imaging	telescope	



 
•  0.58-1.015 GHz cryogenic single-pixel receiver (UHF-band) 

o  435 MHz RF bandwidth digitized and processed (×2 polarizations) 

•  0.9 – 1.67 GHz cryogenic single-pixel receiver (L-band) 
o  770 MHz RF bandwidth digitized and processed (×2  polarization) 

•  1.75-3.75 GHz  (S-band)  
o  1 GHz RF bandwidth digitized and processed (×2  polarizations) 

 
 
 

MeerKAT Receivers



Results from Pen,cton (DVA-1)
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Estimate of receiver noise temperature: 03 November 2014 HCTF measurements

 

 
H-Channel: 19.6 K
H-Channel: 19.6 K repeat
H-Channel: 16.3 K
H-Channel: 23.4 K
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Estimate of receiver noise temperature: 03 November 2014 HCTF measurements

 

 
V-Channel: 19.6 K
V-Channel: 19.6 K repeat
V-Channel: 16.3 K
V-Channel: 23.4 K•  Receiver noise temperature 

Trx < 7 K 
•  Translates to Tsys ≈ 18 K 

(see next slide) 

•  MeerKAT L-band receiver 
installed on SKA DVA-1 

•  Results from Penticton Hot/
Cold Test Facility 



First MeerKAT image with AR1: 16 antennas

7”	resolu?on	
12	μJy	rms	

7.5	hours	on-source	

Freq:	1285	MHz		



Schedule

13	

A
R
-1
	

A
R
-2
	

A
R
-3
	

hWp://public.ska.ac.za/meerkat/meerkat-schedule	



MeerKAT Schedule
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S-band	simultaneous	
with	UHF	



•  LADUMA	(Deep	atomic	hydrogen)	

• MIGHTEE	(Deep	con?nuum	imaging	of	the	early	universe)	

•  Fornax	(Deep	HI	Survey	of	the	Fornax	cluster	)	
• MHONGOOSE	(targeted	nearby	galaxies	HI)	

• MeerKAT	Absorp?on	Line	Survey	(extagalac?c	HI	absorp?on)	

•  ThunderKAT	(exo?c	phenomena,	variables	and	transients)	

•  TRAPUM	(pulsar	search)	

• Pulsar	Timing	(no	acronym)		

• MESMER	(High-z	CO)	

• MeerGAL	(Galac?c	Plane	Survey)	

MeerKAT Large Survey Projects: 2018 - 2022 

hWp://public.ska.ac.za/meerkat/meerkat-large-survey-projects	



MIGHTEE: Deep “Con,nuum” Survey

MeerKAT	



How	does	visible	maWer	trace	and	affect	
the	Dark	MaWer	distribu?on?	

How	are	BHs	fueled	and	how	does	
BH	accre?on	affect	the	evolu?on	

of	galaxies?	

How	is	galaxy	evolu?on	effected	by	
environment?	

How	and	when	were	the	first	
galaxies	formed?	

MIGHTEE: Galaxy Forma,on, Cosmology and Cosmic Magne,sm

How	do	we	go	from	gas	to	stars	in	
galaxies?	

What	is	the	origin	of	cosmic	magne?sm,	
and	how	do	magne?c	fields	influence	global	

galaxy	evolu?on?	





MIGHTEE: Observing Plan

MIGHTEE	MID	L-band:	2	μJy	rms	
•  XMSS	–	6.7	deg2		
•  CDFS	–	8.3	deg2		
•  ELAIS	S1		–	1.6	deg2		
•  COSMOS	–	1	deg2		

MIGHTEE	MID	S-band:	1	μJy	rms	
•  CDFS		–	4	deg2		
•  COSMOS	–	1	deg2		

MIGHTEE	DEEP	L-band:	0.1	μJy	rms	
																																	UHF:		0.1	μJy	rms	

•  CDFS		–	1	deg2	
	

	

1960	hours	 5000	hours	

LADUMA	COMMENSAL	



MIGHTEE Total Intensity Sensi,vity



Radio Source Popula,ons

Total	intensity	source	popula?ons	counts:	SKADS	Simula?on	(Wilman	et	al.	2008)	



Radio Source Popula,ons - MIGHTEE

Total	intensity	source	popula?ons	counts:	SKADS	Simula?on	(Wilman	et	al.	2008)	



GMRT	0.61	GHz		Total	Intensity	(	1.2	sq	deg,	rms	=	10	μJy,	resolu?on	5”)	

GMRT	



Spitzer	Infra-red	Space	Telescope	3.6	μm	image		

Spitzer	



Star	Forming	Galaxies	

AGN	

Normal	Galaxies	
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Mul@-wavelength	data	cri@cal	to	MIGHTEE	Science	

HerMES/H-GOODS	

LSST,	DES,	HSC,	CFHTLS,	
VST-VOICE	

UltraVISTA+VIDEO	
+	VEILS	

	

Euclid	

SCOSMOS/SERVS/
SpUDS	etc	

CDFS/XMMLSS	

•  MIGHTEE	consor?um	members	involved	in	mul?-wavelength	surveys	over	MIGHTEE	fields	

•  key	involvement	in	VISTA,	Herschel,	Spitzer,	XMM	surveys	

•  In	the	future,	team	members	are	playing	leading	roles	in	ESO-MOONs	and	ESO-4MOST	mul?-object	spectroscopic	

surveys	that	will	target	the	MIGHTEE	fields.	

•  The	MIGHTEE	fields	are	also	the	LSST	Deep	Drilling	Fields		



MIGHTEE  Polariza,on Science Ques,ons
• How	do	magne?c	fields	emerge	and	grow	in	galaxies	and	what	is	
their	role	in	galaxy	forma?on	and	evolu?on?	

•  Is	there	a	magne?c	counterpart	to	the	large-scale	structure	of	the	
universe?	

• What	is	the	role	of	magne?c	fields	in	galaxy	cluster	forma?on	and	
evolu?on?	

• Polariza?on	as	a	probe	of	the	cosmic	evolu?on	of	the	physical	
proper?es	of	AGN	and	magne?c	fields	in	radio	galaxies	

• Polariza?on	data	may	play	a	key	role	in	weak	lensing	studies	

	



How many star forming galaxies?

	
•  MeerKAT	

500-1000	galaxies	per	sq	deg	

15,000	galaxies		

	

•  RM	with	1	rad	m-1	precision	with	
average	separa?on	of	a	few	

arcminutes	

SKA1	

MeerKAT	

S?l	et	al.	2009	



A
n
d
e
rso

n
	e
t	a

l.	(2
0
1
6
)	

0.00																		0.01																0.02																		0.03																	0.04																			0.05	

1-10 GHz spectropolarimetry of discrete radio sources 9

Figure 5. As for Fig. 4. Source: lmc c04.

Figure 6. As for Fig. 4. Source: lmc c03.
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•  Sources	can	“depolarize”	as	func?on	of	wavelength	

•  		interference	between	mul?ple	pol.	components	and	rotators	

•  		depolarizing	material:	in	the	source?	or	in	intervening	material?	

•  New	catalogue	of	951	sources	with	broadband	

polariza?on	SEDs		(Farnes	et	al.	2014)	

•  		steep	and	flat	spectrum	sources	have	different	depolariza?on	

•  		depolariza?on	must	be	intrinsic	to	the	source	

	

Broadband Polariza,on of Complete  
     samples of AGN

The Astrophysical Journal Supplement Series, 212:15 (29pp), 2014 May Farnes, Gaensler, & Carretti
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Figure 3. Examples of the cross-matched SED data for nine sources from the catalog. The NVSS source name is shown in the upper right. Note that the x-axis is
plotted as a log-scale. Two fitted polarized models are shown: (1) the model selected by the automated classification algorithm which is shown as a black dashed line,
and (2) the fitted polarization spectral index, β, which is shown as a red dotted line. The polarized spectral index is only calculated when certain conditions are met, as
described in the main text. A selection of SEDs is shown for each specified model, including Gaussians (top row), depolarizing power laws (second row), Gaussians
with a constant term (third row), and repolarizing power laws (bottom row). After a number of statistical tests, these sources are identified by the data quality flag as
“accept” (left column), “caution” (middle column), and “poor” (right column).
(A color version of this figure is available in the online journal.)

are fundamentally approximate. Furthermore, the LMA only
provides the parameters of a local rather than a global minima.
For a significantly large sample of fitted SEDs, we argue that we
will still be dominated by random, rather than systematic errors.

For the large data volumes expected with the next generation
of telescopes, automated and robust classification algorithms
will be essential. Such automated classification is complicated
not just by an assessment of the quality of fit, but also by different
physical models having varying numbers of degrees of freedom.
In order to perform model selection in an automated fashion,
we therefore require a methodology to distinguish between
better fits, while simultaneously penalizing increasing model
complexity. To do this, we assessed the Bayesian Information
Criterion or BIC (Schwarz 1978).5 The BIC evaluates

BIC ≈ −2 ln L + k ln n, (4)

5 The BIC is minimized by the model with the highest posterior probability,
and can be considered as a rough approximation to the logarithm of the Bayes
factor (as detailed by Kass & Raftery 1995; Spiegelhalter et al. 2002). In the
case of model selection for models with equal numbers of parameters, the BIC
simply reduces to maximum likelihood selection. The BIC is also
asymptotically consistent as a selection criterion, i.e., given a sufficient family
of models that includes the “correct” model, as the sample size increases, the
probability that the BIC selects the correct model tends to one. Such models
are not required to be nested.

where ln L is the log-likelihood of the data given the model,
and k ln n is a parsimony term with k giving the number of free
parameters in the model and n giving the sample size.6 For each
physical scenario, we select as the “true model” that which has
the lowest value of the BIC.7

The model we select serves as a parameterization of the
SED. Despite the challenges presented for SEDs with a small
number of measurements, we can determine the model of
greatest likelihood given the data. It is possible that the “true”
SED has deviations from the model that our algorithm selects,
and broadband polarization observations will be necessary to
understand such rapid fluctuations as a function of λ. Deviations
from our assumed models are beyond the scope of this paper,
but can in principle be investigated using the statistical tests we
used to assess the quality of an SED model fit.

6 We make the simplifying assumption that model errors are independent and
distributed according to a normal distribution. Under the assumption of
normality, an additional trivial constant term appears in the BIC, which is
purely a function of the data. Consequently, it is not possible to compare the fit
between different sources—it is only possible to assess the quality of different
model fits at describing a single SED.
7 It is not possible to define a confidence interval or to evaluate the evidence
against an alternative model, as such techniques are overly subjective (see
Raftery 1995 for further details).
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Figure 3. Examples of the cross-matched SED data for nine sources from the catalog. The NVSS source name is shown in the upper right. Note that the x-axis is
plotted as a log-scale. Two fitted polarized models are shown: (1) the model selected by the automated classification algorithm which is shown as a black dashed line,
and (2) the fitted polarization spectral index, β, which is shown as a red dotted line. The polarized spectral index is only calculated when certain conditions are met, as
described in the main text. A selection of SEDs is shown for each specified model, including Gaussians (top row), depolarizing power laws (second row), Gaussians
with a constant term (third row), and repolarizing power laws (bottom row). After a number of statistical tests, these sources are identified by the data quality flag as
“accept” (left column), “caution” (middle column), and “poor” (right column).
(A color version of this figure is available in the online journal.)

are fundamentally approximate. Furthermore, the LMA only
provides the parameters of a local rather than a global minima.
For a significantly large sample of fitted SEDs, we argue that we
will still be dominated by random, rather than systematic errors.

For the large data volumes expected with the next generation
of telescopes, automated and robust classification algorithms
will be essential. Such automated classification is complicated
not just by an assessment of the quality of fit, but also by different
physical models having varying numbers of degrees of freedom.
In order to perform model selection in an automated fashion,
we therefore require a methodology to distinguish between
better fits, while simultaneously penalizing increasing model
complexity. To do this, we assessed the Bayesian Information
Criterion or BIC (Schwarz 1978).5 The BIC evaluates

BIC ≈ −2 ln L + k ln n, (4)

5 The BIC is minimized by the model with the highest posterior probability,
and can be considered as a rough approximation to the logarithm of the Bayes
factor (as detailed by Kass & Raftery 1995; Spiegelhalter et al. 2002). In the
case of model selection for models with equal numbers of parameters, the BIC
simply reduces to maximum likelihood selection. The BIC is also
asymptotically consistent as a selection criterion, i.e., given a sufficient family
of models that includes the “correct” model, as the sample size increases, the
probability that the BIC selects the correct model tends to one. Such models
are not required to be nested.

where ln L is the log-likelihood of the data given the model,
and k ln n is a parsimony term with k giving the number of free
parameters in the model and n giving the sample size.6 For each
physical scenario, we select as the “true model” that which has
the lowest value of the BIC.7

The model we select serves as a parameterization of the
SED. Despite the challenges presented for SEDs with a small
number of measurements, we can determine the model of
greatest likelihood given the data. It is possible that the “true”
SED has deviations from the model that our algorithm selects,
and broadband polarization observations will be necessary to
understand such rapid fluctuations as a function of λ. Deviations
from our assumed models are beyond the scope of this paper,
but can in principle be investigated using the statistical tests we
used to assess the quality of an SED model fit.

6 We make the simplifying assumption that model errors are independent and
distributed according to a normal distribution. Under the assumption of
normality, an additional trivial constant term appears in the BIC, which is
purely a function of the data. Consequently, it is not possible to compare the fit
between different sources—it is only possible to assess the quality of different
model fits at describing a single SED.
7 It is not possible to define a confidence interval or to evaluate the evidence
against an alternative model, as such techniques are overly subjective (see
Raftery 1995 for further details).
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Spectral Polariza,on Signature of large Scale Galac,c 
Fields

Trace	coherent	magne?c	fields	in	galaxies	to	z>1	
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Data Plan: MIGHTEE-DATA
•  Brad	Frank,	Ian	Heywood,	Tom	Mauch,	Russ	Taylor	

•  Processing	Con?nuum,	polariza?on	and	HI	developed	by	survey	project	teams	

•  Aggrega@on	of	visibility	data	over	the	course	of	the	survey	
•  Pipelines:	full-Stokes	calibra?on,	complex	band	pass,	u-v	weigh?ng,	gridding,	
de-convolu?on,	mul?-frequency	synthesis,	self-calibra?on,	wide-band	
direc?on	dependent	correc?ons	(A-projec?on),	mosaiking,	Faraday	
synthesis,	full-Stokes	and	spectral	source	finding,	…	

•  Experimental	visibility	plane	analyses,	
•  Mul?-frequency	synthesis	over	very	large	bandwidths,	different	bands	and	
different	telescopes.	

•  Faraday	Synthesis	in	visibili?es	(merge	MFS	and	FS)	
•  Confusion	analysis,	stacking,	P(D),....	

•  Take	advantage	of	developments	and	best	prac?ces	for	other	large	survey	
projects,	eg.	VLASS,	POSSUM,WALLABY,LOFAR	...	



•  generate	and	manage	
telescope	data		

•  First	Stage	processing	
•  flagging	
•  Near-real	?me	calibra?on	

and	imaging	
•  Data	quality	assessment	

•  T1	data	store	
•  calibrated	and	averaged	
visibili?es	

•  Image	repository	

MeerKAT	Telescope	(SKA	SA)	 Tier	2	Facility	(University	Partners)	

•  Project-based	data	extrac?on	
from	T1	data	store	

•  Processing	aggregate	data	to	
scien?fic	image	data	sets	

•  Post-processing,	analy?cs	
•  Visualiza?on	and	data	mining		
•  Pla~orm	co-development	for	

global	data	intensive	project	

collabora?on	and	data	sharing.	

Research	and	Development	Collabora?on	

Science	products	

T1	visibili?es	

Global nodes

SKA Precursor Regional Science Data Centres 
MeerKAT	and	LOFAR	data	and	use	cases	

MeerKAT	

LOFAR	



•  22	nodes	with	256	GB	(32	cores	each)	
•  16	–	32	nodes	with	256	GB	(32	cores	each)	
•  8	GPU	nodes	(32	cores	each)	
•  5	–	7	PB	fast	aWached	storage	(disk)	

•  Cloud-based	provisioning,	and	pla[orm	and	so\ware	services.	
•  Part	of	African	Data	Intensive	Research	Cloud	(SKA-SA,	IDIA,	CHPC)	
•  Available	for	all	LSPs	with	South	African	Par@cipa@on	
•  Management	and	opera@ons	governed	by	collaborators	

IDIA Tier 2 Processing Facility



Stay tuned…


