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Why IR?
• Half of all light emitted by stars is 

absorbed and reradiated in the IR

Dole et al. 

approx. 
brightness
nW m-2 sr-1
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absorbing UV light, originating largely 
from young, hot, short-lived stars, 
thus is sensitive to star-formation

Emissivity ∝ν3/2
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Why IR?
• Half of all light emitted by stars is 

absorbed and reradiated in the IR

• Dust is particularly efficient at 
absorbing UV light, originating largely 
from young, hot, short-lived stars, 
thus is sensitive to star-formation

• Dust emission is an unbiased 
measure of star-formation because it 
is optically thin at IR wavelengths

Emissivity ∝ν3/2

Important: notice that 
the dust is optically thin 
by 10 microns.  The mm 
emission is proportional 
to the total dust mass.
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Luminosity budget due to LIRGS + 
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➡ 51% by z~1

➡ 93% by z~2 Rodighiero et al. 2009
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Why IR?
• Half of all light emitted by stars is 

absorbed and reradiated in the IR

• Dust is particularly efficient at 
absorbing UV light, originating largely 
from young, hot, short-lived stars, 
thus is sensitive to star-formation

• Dust emission is an unbiased 
measure of star-formation because it 
is optically thin at IR wavelengths

• The bulk of the present day stellar mass 
formed at z = 1-3, and the total IR 
Luminosity budget due to LIRGS + 
ULIRGS is 

➡ 51% by z~1

➡ 93% by z~2

• Longer wavelengths more sensitive 
to higher redshift due to negative k-
correction
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500 µm
43 detectors

350 µm
88 detectors

45 mm
(13’)

23 mm
(6.5’)

⇒   Overlapping beams

250 µm
139 detectors
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• Focal Plane Feed-Horns +       
~270 bolometer detectors
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BLAST
• Balloon-born (~40 km altitude) 

pathfinder for SPIRE instrument 
on Herschel Space Observatory

• Designed to bracket redshifted 
peak of the warm (~35 K) dust 
SED (star-forming galaxies/AGN)

• 1.8 m under-illuminated primary 
with nearly diffraction limited 
beams:

๏ 36, 45 and 60 arcsec FWHM 
at 250, 350 and 500 μm

• Focal Plane Feed-Horns +       
~270 bolometer detectors

• Detectors and re-imaging optics 
housed in a multi-stage cryostat 
with ~ 11 day hold time
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Science Flight (1) - June 2005, Kiruna, Sweden
• Long-duration flight (5 days and ~ 

100 hours data)

๏Unexplained malfunctioning 
caused it to be out of focus, 
therefore only targeted 
galactic fields

• The Fix

๏  Aluminum Mirror + Carbon 
Fibre Struts designed to have 
constant length with changes 
in Temperature

๏  Focus by moving the 
secondary mirror with 
motorized actuators

๏  Pre-flight look-up table to find 
focus as function of 
Temperature
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Science Flight (2) - December 2006, Antarctica
• Long-duration flight (11 days and 

~ 250 hours data)

• A very wide Galactic-plane field
50 deg2 map of Vela 
Molecular Ridge 
(21 hr) ‏



marco viero / university of toronto Lessons Learned from BLAST / 

Netterfield et al. 2009: 50 sq-deg survey in Vela

Science Flight (2) - December 2006, Antarctica
• Long-duration flight (11 days and 

~ 250 hours data)

• A very wide Galactic-plane field
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10 deg2 map in
GOODS-South
(90 hr) ‏

9 deg2 map near 
South Ecliptic Pole 
(70 hr) ‏

Science Flight (2) - December 2006, Antarctica
• Long-duration flight (11 days and 

~ 250 hours data)

• A very wide Galactic-plane field

• 2 major extragalactic fields
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Science Flight (2) - December 2006, Antarctica
• Long-duration flight (11 days and 

~ 250 hours data)

• A very wide Galactic-plane field

• 2 major extragalactic fields

๏SEP

• ~ 230 sources > 5 σ

Valiante et al. (in Prep.)
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Science Flight (2) - December 2006, Antarctica
• Long-duration flight (11 days and 

~ 250 hours data)

• A very wide Galactic-plane field

• 2 major extragalactic fields

๏SEP

• ~ 230 sources > 5 σ
๏GOODS-South

• Deep:~ 250 sources > 5 σ
• Wide:~ 250 sources > 5 σ

• Confusion Noise ~ 30 mJy



BLAST 250µm S/N MAP
WHITE SOURCES > 6-σ

Devlin et al., Nature,  0904.1205

http://blastexperiment.info



BLAST 350µm S/N MAP
WHITE SOURCES > 6-σ

Devlin et al., Nature,  0904.1205

http://blastexperiment.info



BLAST 500µm S/N MAP
WHITE SOURCES > 6-σ

Devlin et al., Nature,  0904.1205

http://blastexperiment.info
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The BLAST Extragalactic Results: Outline
• Counts

๏Devlin et al. 2009,

๏Patanchon et al. 2009 

• Stacking

๏Marsden et al. 2009,

๏Pascale et al. 2009

• Clustering

๏Viero et al. 2009

Goal: Det. 
Noise

Map 
Variance

“Sources”

Marsden et al. 0904.1205

• To convince you that 
maps are more important 
than catalogs when 
working at the confusion 
limit!



Number Counts
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Counts from P(d) analysis

Faint confused sources

Barely resolved sources
Bright resolved sources

Patanchon et al., 2009
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in the 1950’s

• Essentially a histogram of pixel 
values in a map

• Conventional approach is to 
count bright objects and use P(d) 
for the faint end

•  Flux boosting from confusion in 
our maps is significant enough to 
justify the use P(d) for the full 
range of source brightnesses

Moncelsi et al. (in preparation)
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Counts from P(d) analysis
• Pioneered by Radio Astronomers 

in the 1950’s

• Essentially a histogram of pixel 
values in a map

• Conventional approach is to 
count bright objects and use P(d) 
for the faint end

•  Flux boosting from confusion in 
our maps is significant enough to 
justify the use P(d) for the full 
range of source brightnesses

• In other words: To measure 
source counts, please don’t 
count sources!

Moncelsi et al. (in preparation)
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The algorithm

Patanchon et al.  0906.0891



marco viero / university of toronto Lessons Learned from BLAST / 

The algorithm
• Make mock map from counts 

estimate

Patanchon et al.  0906.0891



marco viero / university of toronto Lessons Learned from BLAST / 

The algorithm
• Make mock map from counts 

estimate

๏ calculate histogram

Patanchon et al.  0906.0891



marco viero / university of toronto Lessons Learned from BLAST / 

The algorithm
• Make mock map from counts 

estimate

๏ calculate histogram

๏ change counts and do again and 
again, i.e, MCMC to find best fit

Patanchon et al.  0906.0891



marco viero / university of toronto Lessons Learned from BLAST / 

The algorithm
• Make mock map from counts 

estimate

๏ calculate histogram

๏ change counts and do again and 
again, i.e, MCMC to find best fit

• Number of nodes used is a 
compromise between too          small/
large errors, and such that the fit is 
not significantly improved with more 
nodes

Patanchon et al.  0906.0891



marco viero / university of toronto Lessons Learned from BLAST / 

The algorithm
• Make mock map from counts 

estimate

๏ calculate histogram

๏ change counts and do again and 
again, i.e, MCMC to find best fit

• Number of nodes used is a 
compromise between too          small/
large errors, and such that the fit is 
not significantly improved with more 
nodes

• Use FIRAS to constrain the faint end

Patanchon et al.  0906.0891



marco viero / university of toronto Lessons Learned from BLAST / 

The algorithm
• Make mock map from counts 

estimate

๏ calculate histogram

๏ change counts and do again and 
again, i.e, MCMC to find best fit

• Number of nodes used is a 
compromise between too          small/
large errors, and such that the fit is 
not significantly improved with more 
nodes

• Use FIRAS to constrain the faint end

• Note:

๏ Errors Highly Correlated

๏Assumes Clustering not relevant 
on scale of the beam.  (Analysis 
more complicated otherwise,as 
detailed in Patanchon et al. 2009 
appendix)

Patanchon et al.  0906.0891
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P(d) Results

Patanchon et al.  0906.0891
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P(d) Results
• Compared here to Lagache 2004 

model (http://www.ias.u_psud.fr/irgalaxies/
Model/#SourceCounts/)

Patanchon et al.  0906.0891

http://www.ias.u
http://www.ias.u
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P(d) Results
• Compared here to Lagache 2004 

model (http://www.ias.u_psud.fr/irgalaxies/
Model/#SourceCounts/)

• Counts generally steeper than 
models

• Cumulative counts 

• What counting sources looks like

Dashed line: 
Counts.

Grey: Range of 
catalog from 
1000 sims

Dots: BLAST 
Catalog.

http://www.ias.u
http://www.ias.u
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“Euclideanized” counts at FIR/submm wavelengths
• “Euclidean” counts have 

slope -2.5

• Here counts are multiplied 
by S2.5

๏ flat line means no 
evolution in source 
population

• 24 and 70 μm are 
Euclidean

• Slope steepens with longer 
wavelength

• 250 hints at flattening at 
bright end

• 350 steeper still

• 500 as steep as SCUBA

• SCUBA surveys too small 
to see nearby (Euclidean) 
galaxies
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• From our counts, predict 3x104 
sources / deg2 with S > 1 mJy, so 
naively expect the mean flux of 
sources in catalog > 1 mJy.

FIDEL 24 micron Catalog
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Using Great Ancillary Data 
• Stack to find mean flux of catalog

• From our counts, predict 3x104 
sources / deg2 with S > 1 mJy, so 
naively expect the mean flux of 
sources in catalog > 1 mJy.

• Stacking algorithm requires 
catalog sources uncorrelated on 
the scale of the beam

๏counts in cells shows this to 
be the case (for FIDEL!)

Marsden et al. 0904.1205

Poisson, i.e., mean = variance
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Using Great Ancillary Data 
• Stack to find mean flux of catalog

• From our counts, predict 3x104 
sources / deg2 with S > 1 mJy, so 
naively expect the mean flux of 
sources in catalog > 1 mJy.

• Stacking algorithm requires 
catalog sources uncorrelated on 
the scale of the beam

๏counts in cells shows this to 
be the case (for FIDEL!)

• Find indeed S > 1 mJy, 
confirming counts

• Find half the flux originates from 
sources with z > 1.2

๏S ~ 1 mJy Corresponds to 
Luminosity > LIRGS at z > 1

Marsden et al. 0904.1205
Pascale  et al. 0904.1206
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Monte-Carlo for sceptics

courtesy of Mark Halpern

Few sources/pixel

Many sources/pixel

Our Expression

One of many “deblending” 
approaches common in the 
literature
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Stacking Result 1 - CIB resolved
• CIB is composed of emission 

from identified galaxies

๏Precision of BLAST CIB 
values exceeds FIRAS 
precision

๏BLAST 3σ catalog makes up 
only 15% of the total 
intensity!

Marsden et al. 0904.1205
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• Rowan-Robinson
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Stacking Result 2 - Star Formation History

BLAST-IR Star 
Formation Rates. 
(Grey disks have 
MIPS photo-z 
contribution 
removed.)

Optical-Lilly

Optical-Steidel

Pascale  et al. 0904.1206

• Bin sources by redshift

๏ 78% from photo-z and 
spectra-z courtesy of 

• FIREWORKS

• MUSYC

• MUSIC

• COMBO-17

• Rowan-Robinson

๏Rest from a look-up table 
made from IRAC MIR colors

• Calculate bolometric luminosity, 
LIR, (by fitting modified 
blackbody) and use that to infer 
Star Formation Rate Density



Clustering

22



500 µm

250 µm

The BLAST 
beams are huge 
compared to 
galaxies, and 
even compared 
to the mean 
distance between 
galaxies.

A quiet part of the Hubble Ultra Deep Field.
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๏Random is not random

Correlation function of Random Maps

degree
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Complications
• While large scales well traced

• Small scales more difficult

๏What is a submm source?

๏zone of avoidance

๏Random is not random

• Wide redshift distribution 
dilutes angular correlation 
signal

• Confusion limits number of 
sources / area, i.e.,         
more sources = more area
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Clustering from Power Spectrum
• More familiar as a CMB technique 

• Correlation function is the Fourier transform 
of the power spectrum

• By correlating brightnesses instead of 
catalogue positions, don’t lose any 
information

๏ ~ 20 sources arcmin-2 from counts

๏ ~ 0.1 sources arcmin-2 resolved

• First attempts to measure correlations in 
the background include

๏ Peacock et al. 2000 (850 um)

๏ Lagache & Puget 2000 (170 um)

๏ both failed to detect clustering signal

• First measurements of the power spectrum 
from clustered galaxies from

๏ Lagache+ 2007 (Spitzer 160um)

๏ Grossan & Smoot 2007 (Spitzer 160um)

Lagache+ 2007
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BLAST: Making the Measurement
• Bolometers have 1/f drift

• Aggressive filtering removes 
large-scale signal

๏Use wide-only maps, with fast 
scan rate (0.1 deg/sec)

๏Filter as little as possible, and 

๏recover the large scales with 
MC-measured transfer 
function

• Divide data into four groups

๏make 4 maps (call them sub-
maps)

๏power spectrum is the radial 
average of cross-correlation of 
sub-maps, corrected with TF
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Uncertainty
• Error bars (Boomerang style)

๏Make clustered realizations 
(mock-maps)

๏Observe them with the BLAST 
Simulator

๏Make Noisemaps

๏Add Signal to Noise

๏Take PS and Correct for TF

๏Do a thousand times!

• Jackknifes
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BLAST Clustering Power Spectrum

Prelim
inary

• Power Spectrum shows signal 
in excess of Shot Noise and 
Cirrus on angular scales > 5’

• After removal of Shot Noise 
and Cirrus, Normalized 
Clustering Signal closely 
follows a power-law, with 
slope ≈ -2

• Data agrees much better with 
Linear bias (solid black line,    
b ~ 4), than it does with the 
Halo Models (coloured lines)

• Further (ongoing) analysis with 
twice the data confirm this 
behaviour on small scales
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Briefly: Halo-Model

• Assume Halos are Biased 
Tracers of the Dark Matter

๏ i.e., it is the Peaks of the 
DM density field that will 
collapse into halos

• Given X Galaxies and Y Halos

๏Populate Halos with 
Galaxies to best-fit 
Clustering Signal

• Prescription for assigning 
Galaxies to Halos as Function 
of Mass (aka HON):

๏N = (M/M1)α Viero et al. 0904.1200 
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Briefly: Halo-Model
• Clustering Signal made up of two 

regimes

๏ 2-halo: Linear Regime     
(large scales)

๏ 1-halo: Non-Linear Regime 
(small scales)

๏ Total the sum of both terms

• Therefore:

๏In order to account for all the 
galaxies (i.e., they have to go 
somewhere!), AND

๏To reproduce the large scale 
clustering signal (i.e., can’t 
just put them in smaller halos)

๏Model Must have a Bump!
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How to Change Model to Fit Data?

Change How Galaxies Trace HalosChange the Halos

• Model assumes NFW halo 
profile which extends to 
infinity

•  halos must be artificially 
truncated: typically         
rcut = rvir

• NFW not the best fit for a 
number of observations

• Shallower Inner Slope

• Model Halos are Spherical, 
whereas simulations show 
they are fact tri-axial
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How to Change Model to Fit Data?

Change How Galaxies Trace Halos

• From Models:

• In Halos w/ M > 1012 Msun, virial 
shock (at virial radius) quenches 
SF (Birnboim and Dekel 2003)

• From Observations:

• z ~ 0.8 Clusters show star 
formation confined to LIRGS on 
outskirts, 

• they suggest infalling may be 
source of burst

• It may be that the environment 
influences where Star Formation 
takes place!

Marcillac et al. 2007



marco viero / university of toronto Lessons Learned from BLAST / 

Shot Noise/1-halo Degeneracy



marco viero / university of toronto Lessons Learned from BLAST / 

Shot Noise/1-halo Degeneracy



marco viero / university of toronto Lessons Learned from BLAST / 

Shot Noise/1-halo Degeneracy



marco viero / university of toronto Lessons Learned from BLAST / 

Shot Noise/1-halo Degeneracy



marco viero / university of toronto Lessons Learned from BLAST / 

Shot Noise/1-halo Degeneracy



marco viero / university of toronto Lessons Learned from BLAST / 

Clustering in Context



marco viero / university of toronto Lessons Learned from BLAST / 

Clustering in Context
• We find 



marco viero / university of toronto Lessons Learned from BLAST / 

Clustering in Context
• We find 

๏ΔI / I ≈ 15%



marco viero / university of toronto Lessons Learned from BLAST / 

Clustering in Context
• We find 

๏ΔI / I ≈ 15%

๏a linear bias of ~4



marco viero / university of toronto Lessons Learned from BLAST / 

Clustering in Context
• We find 

๏ΔI / I ≈ 15%

๏a linear bias of ~4

๏Meff ~ 6x1012 Msun



marco viero / university of toronto Lessons Learned from BLAST / 

Clustering in Context
• We find 

๏ΔI / I ≈ 15%

๏a linear bias of ~4

๏Meff ~ 6x1012 Msun

• Clustering Properties



marco viero / university of toronto Lessons Learned from BLAST / 

Clustering in Context
• We find 

๏ΔI / I ≈ 15%

๏a linear bias of ~4

๏Meff ~ 6x1012 Msun

• Clustering Properties

๏BLAST, BX/BM and LBGs 
all seem to have similar 
clustering properties



marco viero / university of toronto Lessons Learned from BLAST / 

Clustering in Context
• We find 

๏ΔI / I ≈ 15%

๏a linear bias of ~4

๏Meff ~ 6x1012 Msun

• Clustering Properties

๏BLAST, BX/BM and LBGs 
all seem to have similar 
clustering properties

• Clustering Evolution 

๏ ξ(r,z) = (r/r_0)-γ(1+z)γ-(3+ε)

• Stable Clustering ε = 0,

• Linear Clustering ε = 1
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TAKE HOME
• Using all the information available to you (i.e., 

maps rather than catalogs) is of vital importance in 
confusion limited maps, e.g.,

๏Counts

• Don’t count!  P(d) probes a large dynamic 
range without bias

๏Stacking

• Ancillary data exists to resolve the 
background

• Unbiased way to measure the SFR of a 
given population

๏Power Spectrum a natural way to measure 
galaxy clustering in confused maps

• BLAST clustering on small scales may 
indicate dusty star-forming galaxies do not 
trace halos in a simple way, which may be 
due to environmental effects in large halos





Maps, Papers and more at:           
http://blastexperiment.info

http://blastexperiment.info
http://blastexperiment.info

