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= All-sky monitor leading to tremendous data
analysis challenge with up to 100, 000 potential
sources.

= Detection of interesting astrophysical events if
thousands of background signals can be identi-

fied.



>About this approach and its goals

e The method is not a source subtraction approach
or a grid based template search using optimal fil-
tering.



>About this approach and its goals

e The method is not a source subtraction approach
or a grid based template search using optimal fil-
tering.

e It identifies and characterises periodic signals in
the data.



>About this approach and its goals

e The method is not a source subtraction approach
or a grid based template search using optimal fil-
tering.

e It identifies and characterises periodic signals in
the data.

e Signals that are sufficiently large in amplitude
will have their parameters estimated.



>About this approach and its goals

e The method is not a source subtraction approach
or a grid based template search using optimal fil-
tering.

e It identifies and characterises periodic signals in
the data.

e Signals that are sufficiently large in amplitude
will have their parameters estimated.

e Sources that are weak will contribute to the
noise.



>About this approach and its goals

e The method is not a source subtraction approach
or a grid based template search using optimal fil-
tering.

e It identifies and characterises periodic signals in
the data.

e Signals that are sufficiently large in amplitude
will have their parameters estimated.

e Sources that are weak will contribute to the
noise.

e An estimate 1s produced of the overall level of
the noise.



>About this approach and its goals

e The method is not a source subtraction approach
or a grid based template search using optimal fil-
tering.

e It identifies and characterises periodic signals in
the data.

e Signals that are sufficiently large in amplitude
will have their parameters estimated.

e Sources that are weak will contribute to the
noise.

e An estimate 1s produced of the overall level of
the noise.



> (Objective

e Simplistic problem with data stream of m sinu-
soidal signals embedded within noise
> Bayesian spectrum analysis.



> (Objective

e Simplistic problem with data stream of m sinu-
soidal signals embedded within noise
> Bayesian spectrum analysis.

e Estimation of number of signals present in the
data, the noise variance, and parameters of sinu-
so1ds



> (Objective

e Simplistic problem with data stream of m sinu-
soidal signals embedded within noise
> Bayesian spectrum analysis.

e Estimation of number of signals present in the
data, the noise variance, and parameters of sinu-
so1ds

e Bayesian approach123 with focus on confusion

problem due to high signal density per frequency
range.

Jaynes E. T, Bayesian Spectrum Analysis and Chirp Analysis Max. Ent. a. Bayesian Spect. Analysis

a. Est. Problems, C. Ray Smith, and G.J. Erickson, ed., D. Reidel, Dordrecht-Holland, pp. 1-37 (1987)
2G. L. Bretthorst, Bayes. Spectr. Analysis a. Parameter Est., Springer Lect. Notes in Stat., #48 (1988)
3Andrieu C and Doucet A, IEEE Transactions on Signal Processing 47 2667 (1999)
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> Modelling

Data with N samples d=[dy, ..., dy]

recorded at times t=[t1,...,ty]".

contains £ superlmposed s1nusoids

fi.(t,az) Z ( . cos(27rf QF )+B§k)sin(27rfz-(k>t))
embedded within noise €; ~ N (0, 0,%)

@Model My d;j=1(t;,a)+e; for j=1,..., N

D{Mk:kE{O M}} set of all M + 1 models

Wlthak—[ <k fl o ](ﬁk)j by 7fk 7(7]%}/

vector of 3k + 1 parameters for model M,..
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> Bayesian approach

Posterior according to Bayes’ theorem

k d :p(k,ak)p(d|k,ak)
plk, ay|d) od]
Priors
Parameter Prior

# of sinusoids k discrete unif. U(0, 1, ..., M)
noise Varlance a]% inv. gamma ZG(0.001, 0.001)

frequency f uniform U (0, 0.5)
( ) ( ) -

amplitudes A /5.’ | g-prior with covar. matrix
2:92- I»;. and hyperparam. g2

'A. Zellner, Bayesian Inference and Decision Techniques, P. Goel, A. Zellner, New York: Elsevier,
233-243 (1986)
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> (Gibbs update for noise variance

The vague prior ZG(a = 0.001, 3 = 0.001) for 0]%
with shape parameter o = N)p/2 and scale parame-
ter J = NpSZ%/Q yields N, = 0.002 and S}% = 1.

> Samples are drawn from full conditional distri-
bution

N+ N N,S?+ 52
p(U/%k,ak,d>O<IQ< p; , pp2 >

Where the sum of squared residuals 1s given by

Z] 1( <t]7a’/€)>2
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> Gibbs update for hyperparameter g2

Similar to C. Andrieu et. al. we consider 92 as a

scale parameter of an extended hierarchical model

and ascribe a vague prior ¢° < ZG(a = 2,3 = 1)
1

to 1t".

> Samples for g2 are drawn from
plo*Ik. a) < TG (k + a, ATA/(207) + 5)

where A = (Agk), . ,Al@, Bgm, o B]i@)T is
the vector containing all amplitudes of a;..

Note: 92 1s related to signal to noise ratio (SNR).

' Andrieu C and Doucet A, IEEE Transactions on Signal Processing 47 2667 (1999)
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Two strategies for transdimensional moves:
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time proposal distribution:
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e create / annihilate
Propose new sinusoids or annihilate a randomly
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> Splitting a sinusoid into two

Transformation: () \
SYCI (%
e ||
B T I
tka’(a’(’i)’ r) = %A(.k) — 1y B A(kl)
)|
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Acceptance probability:
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O‘ka’(a;C/‘ak):mm 1. (kl)a ; 2) (i) (i)™ "\ o
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> Merging two sinusoids

Inverse transformation:
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> Merging two sinusoids

Inverse transformation:

[ A | 40

Al Al

z}d)jL ka')\ (A
BZ}{, + i Bk

G o (a . al. )= %fi<1>+%fi<2) | A

SV BV CONTCON B P
3 b @@f rgw
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Acceptance probability:

. p(k.ag)p(dla) . k)q(r) |
ak/Hk(aMa;d)mm{l’p (K.af, al;,p(dlaf; \.af,) .+
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Inverse transformation:
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> Annihilating a sinusoid

Inverse transformation:
r\ 1
Acceptance probability:
p(k)p(dlay,k)q(a)

/ . .
i@k a)) = min {L p<l«'>p<agi)>p<d|a;€,,k'>}
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> The RJIMCMC-proposals

e create / annihilate

Periodogram serves as proposal distribution as
applied by Andrieu et al.l.

e split / merge
Perturbation of sinusoids by /N (0, diag(a?él, 0%, 0;))
with

0124:0%:0,% current noise level of model #&

a?p > accuracy depends on actual SNR (see L.
Bretthorstz).

' Andrieu C and Doucet A, IEEE Transactions on Signal Processing 47 2667 (1999)
2G. L. Bretthorst, Bayes. Spectr. Analysis a. Parameter Est., Springer Lect. Notes in Stat., #48 (1988)
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> Delayed Rejection Method (DR) for
parameter estimation

Stage 1 (bold)
with il (a/’an>

a a a
Stage 2 (timid)
with ¢;(a”|a,, a’)

Acceptance probability for Stage 2:
as(a”|ay)

oy pld)pld]a”) g lanla’a”)
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> Delayed Rejection Method (DR) for

parameter estimation
fictive Stage 2

Stage 1 (bold)
accepted with ¢, (d’|a,)

—_—

/! /

Stage 2 (timid) fictive Stage 1
with ¢y (a”|a,, a’) rejected

Acceptance probability for Stage 2:
as(a”|ay)

Ay plapldla”) q(d'a") ga(an|a’ @) [1=aq (a']a)]
— i (17 plan)p(dan) q1(dan) go(a[an,a’) = (d|an)] )
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> The DR-proposals

stage | amplitudes frequency

Single sinusoid 1s | Periodogram

@ |changed by a sample serves as proposal
from N (0, (7]%) distribution
Pair of neighbour si- | Frequency changed
nusoids (1, j) changed by accuracy of

e by N (0, %(;,5)) with | Bayesian fre-
covarlanzce k) 7 f%‘trl)l( quency estimates!
Z(i,j):(fk(D(Z',j) D(@',j)) depending on
with b(ag)is func- the SNR of the
tions D involved signal.

(4,9)

!G. L. Bretthorst, Bayes. Spectr. Analysis a. Parameter Est., Springer Lect. Notes in Stat., #48 (1988)
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> Frequency interval separation

First step: Preallocation of definite samples
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> Frequency interval separation

Second step: Preallocation of ambiguous samples by energy contribution
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