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IntroductionIntroduction

 The detection of non-Gaussianity in cosmic The detection of non-Gaussianity in cosmic 
microwave background (CMB) anisotropies microwave background (CMB) anisotropies 
can question the validity of several standard can question the validity of several standard 
inflationary theoriesinflationary theories

 The detection of non-Gaussianity is also a The detection of non-Gaussianity is also a 
tool to find “contamination” in CMB mapstool to find “contamination” in CMB maps
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Smooth Tests of Goodness of Fit Smooth Tests of Goodness of Fit 
(I)(I)

{x i} set of n random numbers distributed with a p.d.f. f  x , θ 

θ=θ1 , .. . ,θm ∈Θ m parameters to define the p.d.f. space

Null Hypothesis H0: θ=θ0

vs.

Alternative Hypothesis K: θ≠θ0
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Smooth Tests of Goodness of Fit Smooth Tests of Goodness of Fit 
(II)(II)

 The “order k” alternative p.d.f. The “order k” alternative p.d.f. (Rayner & Best, 
1989, 1990)

g k  y ,θ =C θ  exp[∑
i=1

k

θ i hi  y ] f  y 

 To evaluate the null hypothesis H0 we use the 
“score statistic”

Sk=∑
i=1

k

U i
2
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Smooth Tests of Goodness of Fit Smooth Tests of Goodness of Fit 
(III) (III) 

 The The UUii
22 statistics are computed from the set of  statistics are computed from the set of 

random numbers throughrandom numbers through

U i=
1

n
∑
j=1

n

h i x j 

 The quantities hi(x) depends on the p.d.f. that we 
want to test. For the Gaussian case, these are 
the “normalized Hermite-Chebyshev” 
polynomials



  Andrés Curto, BICOS 2007Andrés Curto, BICOS 2007

Smooth Tests of Goodness of Fit Smooth Tests of Goodness of Fit 
(IV)(IV)

The Ui statistics in terms of the xi random numbers

U 1
2=n  μ1 

2 U 2
2=n

2
 μ2−1 2

U 3
2= n

3
 μ3−3 μ1 

2 U 4
2= n

24
 μ4−6 μ232

...

μα=∑
j=1

n

x i
α

If the null hypothesis  H0 is satisfied
then for n>>1 it can be proved that

U i
2 ~ χ1

2 Sk ~ χk
2
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The The χχ11
22 Distribution Distribution

0.9920.9860.9750.9550.939P(x0 ≤ x)

7.06.05.04.03.5x0

f  x = 1

2πx
e−x /2
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Signal-to-noise Eigenmode Signal-to-noise Eigenmode 
Decomposition (I)Decomposition (I)

The set of {xi} numbers that we analyze 
comes from a CMB anisotropies map

d =snSignal to noise decomposition

s

n

Signal Contribution: CMB

Noise contribution: the instrumental noise

ΔT  n i 

n i is the coordinates vector of a pixel i from a set of npix pixels

For us a CMB map is  a vector of  npix real numbers d i
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Signal-to-noise Eigenmode Signal-to-noise Eigenmode 
Decomposition (II)Decomposition (II)

Consider the 2-point correlation function

ξ  x1 ,x 2 =< g  x1 · g  x2 ¿
¿ g  x =ΔT  x 

We can compute it for signal and noise

S  x1 ,x2 ≡ξ S  x1 ,x2 =< ΔT S  x1 · ΔT S  x2 ¿
¿

N  x1 ,x2 ≡ξ N x1 ,x2 =< ΔT N x1  · ΔT N  x2 ¿
¿
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Signal-to-noise Matrix (III)Signal-to-noise Matrix (III)

Equivalent to divide signal by noise

A=LN
−1 S  LN

t −1

where LN is the Cholesky matrix of N

LN=RN DN

1
2 • RN eigenvector matrix of N

• DN eigenvalues matrix of N

RN
T NR N=DN

N=LN LN
t
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The Signal-to-noise Eigenmodes (IV)The Signal-to-noise Eigenmodes (IV)

First we need the A matrix  eigenvectors and eigenvalues

• RA eigenvectors matrix
• DA eigenvalues matrix

RA
T AR A=D A

The set of signal-to-noise eigenmodes {yi} for a given map

ξ=RA
T LN

−1 d y i=
ξ i

1 DA i
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Signal-to-noise Eigenmodes (V)Signal-to-noise Eigenmodes (V)

The properties of the {yi} eigenmodes when the map is Gaussian:

• Independent numbers <yiyj> = δij

• Each yi behaves statistically as N(0,1)
• (DA)i  is a measure of the signal-to-noise2 ratio

The goal is to analyze the {yi} eigenmodes with the previous
statistical method
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The Archeops ExperimentThe Archeops Experiment

 A balloon borne experiment (1999-2002)A balloon borne experiment (1999-2002)
 First link in First link in CCll determination between large  determination between large 

angular scales (COBE) and first acoustic angular scales (COBE) and first acoustic 
peak (BOOMERanG, MAXIMA)peak (BOOMERanG, MAXIMA)

 Archeops shares the same technological Archeops shares the same technological 
design with the very same Planck satellitedesign with the very same Planck satellite

 21 bolometers at frequencies 21 bolometers at frequencies 143, 217, 353, 143, 217, 353, 
545 GHz545 GHz

 20% of sky with a beam of 6’ to 8’20% of sky with a beam of 6’ to 8’
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The Archeops “Face”The Archeops “Face”
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The Archeops FlightsThe Archeops Flights

 Trapani test flight (July Trapani test flight (July 
1999)1999)

 Kiruna test flight Kiruna test flight 
(March/April 2000)(March/April 2000)

 Kiruna scientific flight Kiruna scientific flight 
(29 January 2001)(29 January 2001)

 Kiruna scientific flight Kiruna scientific flight 
(17 January 2002)(17 January 2002)

 Kiruna scientific flight Kiruna scientific flight 
(7 February 2002)(7 February 2002)
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Kiruna First FlightKiruna First Flight

• The 21st  January 2001 (Artic winter)
• In Kiruna, Sweden (not traveled to Urals Mountains)
• Almost lost in the sea
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Kiruna Second FlightKiruna Second Flight

• The  17th  January 2002 (Artic winter)
• From Sweden to Russia (Siberia)
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Kiruna Third FlightKiruna Third Flight

• The  7th february 2002 (Artic winter)
• From Sweden to Russia (Siberia)
• Onboard computer problems
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Archeops Data SetsArcheops Data Sets

 Analyzed 143 GHz Analyzed 143 GHz 
bolometer mapbolometer map

 16 % north galactic 16 % north galactic 
hemisphere analyzedhemisphere analyzed

 1.8º pixel resolution1.8º pixel resolution
 1995 available pixels1995 available pixels
 ~5·10~5·1055 Gaussian signal  Gaussian signal 

simulations computed with simulations computed with 
Archeops best fit power Archeops best fit power 
spectrum (Tristram et al. spectrum (Tristram et al. 
2005)2005)

 ~5·10~5·1055 Gaussian noise  Gaussian noise 
simulationssimulations
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The Archeops Analysis: The Archeops Analysis: 
Calibration With Simulations (I)Calibration With Simulations (I)

 First we calibrated the First we calibrated the 
method with Gaussian method with Gaussian 
simulations (Gaussian simulations (Gaussian 
simulations should simulations should 
return the return the χχ11

22  

distribution for distribution for UUii
22))

 This meansThis means
 High order, numerical High order, numerical 

errors are increasederrors are increased

¿U i
4−¿U i

22 ¿2

¿U i
2 >= 1



  Andrés Curto, BICOS 2007Andrés Curto, BICOS 2007

The Archeops Analysis: The Archeops Analysis: 
Calibration With Simulations (II)Calibration With Simulations (II)
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The Archeops Analysis: The Archeops Analysis: 
Analyzing The DataAnalyzing The Data

 We obtained the We obtained the UUii
22  

statistics at different statistics at different 
signal-to-noise cuts for signal-to-noise cuts for 
two map making: two map making: 
MIRAGE and MIRAGE and 
coadditioncoaddition

 Some Some UU22
2 2 values are values are 

over 6.7, (99% over 6.7, (99% 
cumulative probability)cumulative probability)
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The Archeops Analysis: The Archeops Analysis: 
Significance and ExplanationSignificance and Explanation

 When p-value (the probability that the statistic When p-value (the probability that the statistic 
takes a value at least as extreme as the observed) takes a value at least as extreme as the observed) 
of of UU22

2 2 is computed, p=15%is computed, p=15%

 There are many simulations (1500 from a set of There are many simulations (1500 from a set of 
10000) which reach 10000) which reach UU22

2 2 =7.97 in any s/n cut=7.97 in any s/n cut

 This detection is a “map-making issue”, due to it This detection is a “map-making issue”, due to it 
does not appear in the MIRAGE casedoes not appear in the MIRAGE case
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Comparing With WMAP (I)Comparing With WMAP (I)

 We analyzed the We analyzed the 
WMAP data to WMAP data to 
compare with compare with 
ArcheopsArcheops

 Same pixel size: Same pixel size: 1.8º1.8º
 The map is a The map is a 

combination of maps combination of maps 
at at 41 GHz, 61 GHz41 GHz, 61 GHz  
and and 94 GHz94 GHz
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Comparing With WMAP (II)Comparing With WMAP (II)

 WMAP data results WMAP data results 
comparable to those of comparable to those of 
ArcheopsArcheops

 WMAP has higher WMAP has higher 
signal to noise range signal to noise range 

 UU22
2 2 detection at signal detection at signal 

to noise ratio to noise ratio 38.038.0
 The p-value is The p-value is 

p=17.0%p=17.0%
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Archeops Levels of Dust Archeops Levels of Dust 
ContaminationContamination

 Using an Archeops dust Using an Archeops dust 
templatetemplate

 We analyzed simulationsWe analyzed simulations

 With their With their UU22
22 values, we  values, we 

performed a performed a χχ22 test test
 The minimum The minimum χχ22 value  value 

gives us the level of dustgives us the level of dust
 The level corresponds to The level corresponds to 

3.2%3.2% ( (68%CL68%CL), ), 9.7%9.7% ( (95% 95% 
CLCL) when dispersions of ) when dispersions of 
Archeops map and dust Archeops map and dust 
template are comparedtemplate are compared

snα∗dust
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Archeops Levels of Dust Archeops Levels of Dust 
Contamination (II)Contamination (II)

U 2
2 ν1 −¿U 2

2ν1 , α ¿
¿

U 2
2ν2−¿U 2

2ν2 , α ¿
¿
¿
¿
¿

χ 2=∑
ν1 ν2

¿

¿

 Where Where UU22
22((νν)) is the mean value of  is the mean value of UU22

22 statistic over 50  statistic over 50 
adjacent signal-to-noise cutsadjacent signal-to-noise cuts

 There are 38 different cases: There are 38 different cases: νν  11=1=1 corresponds to the  corresponds to the 
50 lowest signal-to-noise cuts, 50 lowest signal-to-noise cuts, νν  11=38=38 corresponds to  corresponds to 
the 50 highest signal-to-noise cutsthe 50 highest signal-to-noise cuts

 C is the correlation matrix among these 38 casesC is the correlation matrix among these 38 cases

 <U<U22
22((ν, αν, α)> )> is the mean of  is the mean of  UU22

22((νν)) for simulations with  for simulations with 
dust, in a way dust, in a way 

snα∗dust

Cν1ν 2
=< U 2

2 ν1 , α U 2
2 ν2 , α −¿U 2

2ν1 , α >< U 2
2 ν2 , α ¿

¿
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ConclusionsConclusions

 Archeops data map at 143 GHz and 1.8º Archeops data map at 143 GHz and 1.8º 
resolution are compatible with Gaussianityresolution are compatible with Gaussianity

 Comparable results with WMAP at same Comparable results with WMAP at same 
resolution and mask sizeresolution and mask size

 3.2% of dust contamination in ARCHEOPS 3.2% of dust contamination in ARCHEOPS 
(68% confidence level), and 9.7% (95% (68% confidence level), and 9.7% (95% 
confidence level)confidence level)
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