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Introduction

Detection of periodic signals

Irregular temporal sampling —dependencies between periodogram’s ordinates
Noise of partially/unknown distribution

Problem : compute accurate significance level (p-values) of detection tests

Work driven by an astrophysical application : detection of small extrasolar planets
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Astrophysical context : exoplanet detection

* The radial velocity technique
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Astrophysical context : exoplanet detection

Signal model : periodic (Keplerian) signature

aCenBb : a controversy Earth-mass planet

51 Pegasi b : a Jupiter-mass planet
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 Noise : Stellar activity

High solar activity - March 28, 2001. Credit : NASA

Astrophysical context : exoplanet detection
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Astrophysical context : exoplanet detection

Vorms = 1.4 km/s

* Noise : null training sample (NTS)

For a target star of known parameters, it is possible to generate ucons . ¥, _
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Astrophysical context : exoplanet detection
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 Noise : complementary side information
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Composite hypothesis testing problem

* Given an irregularly sampled data time series T = [;131, oo wiy G N] i)

« We consider the following composite hypothesis testing problem

H(] N — dlMd(Gd) -+ T, n : NTS available
H - Sl M (9 ) £ dl M (9 ) +n d : ancillary time series available
1 - = s\Us d\U4g

n: a zero mean, Gaussian stochastic noise component of unknown covariance matrix 70 ~ N(O, ) with 3 = ZC -+ UwIs
d : nuisance signal (stellar magnetic activity, instrumental drift)

s : unknown, deterministic, periodic or quasi-periodic signal



Semi-supervised standardized detection (3SD) procedure

https.//github.com/ssulis/3SD

Consider a null training series T :={n'"Yi=1,...,L, n% ~N(0,%).
) = .
Built the averaged periodogram P(ve|TL) = = Z (v |z®),
=1
Define the standardized periodogramas p(uy|a,7L) = — p(vk)
Py (Vi |72)
A classical detection test statistic (‘Max-test’) ~ Tas(p) := max p() p observed test statistic fas

How ‘" significant ' is £ s ?

_\‘

unknown ... 10

P-value: V(tar) :=Pr(Thr > tar | Ho) = 1 “._.‘I"T‘-,;“.’L!)



Semi-supervised standardized detection (3SD) procedure

https://github.com/ssulis/3SD

Detection algorithm

Algorithm 1: Considered standardized detection proce-

dure. The procedure is semi-supervised if side informa- [lustrative example : sinusoid + colored noise
tion 7r or M is available.
Inputs : x: Times series under test Radial velocities (time) Periodogram (frequency)
(P,T): selected couple (periodogram, test)
€2: considered set of frequencies
Tr, and/or Mg ——
QOutput: Test statistic () N SO : : . bt 1ALl AL
L if My # () then "1 ; : : — e
2 Estimate 84 . ‘ s : ]
S | s b
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Semi-supervised standardized detection (3SD) procedure

Algorithm 2: Monte Carlo procedure for estumating the
p-value of the result of Algorithm [Ilalung with confi-
dence intervals.

Inputs : = Times senes under test
(P.T): selected couple (periodogram, test)
§2: considered set of frequencies
b, B: Monte Carlo sample size
w: parameters’ prior distribution
it 7o # 0 then
M., parametric model for n
8. M., To: estimated parameters
clse
o, estimated variance of WGN
A,.: scale parameter for prior won o2,
end
if My # 0 then
By My: estimated parameters
A scale parameters for pror on 84
end

Output: V() and 90% confidence interval

https://github.com/ssulis/3SD
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Estimation of p-values

Principle : sample a large number of test statistics that are
consistent with the data and the models, by randomly
perturbing the parameters within their uncertainties
according to some prior distribution.

\—b Estimation errors

Setting :

= 0 Ty, 55 (), we use a parametric model M, to
generate synthetic samples of the NTS.

~ If Tr = (), an estimate of the noise variance is required

- If My # ().the algorithm requires the model + the
parameters estimates

12



Validation : accuracy of the procedure in evaluating p-values
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Error models - diagnostic with the 3SD procedure

In Algorithm 2 : MC samples are generated under the same noise model A,

But ... different models may lead to unconsistent results
In presence of error model : true p-values are larger than estimated under no error model

Algorithm 2 : sampling from some model and conducting the detection and p-value estimation procedures with another.

——®  Access to the robustness of a specific procedure to error model

14



Standardized periodogram p

Application to exoplanet detection

» System aCenB : a controversy planet of 1 Earth mass with 3.2 day orbital period

Detection paper: Dumusque et al. (2012) Nature
Controversy papers : Hatzes (2013), Rajpaul et al. (2016), Toulis & Bean (2021)
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Application to exoplanet detection

» System aCenB : a controversy planet of 1 Earth mass with 3.2 day orbital period

Detection paper: Dumusque et al. (2012) Nature
Controversy papers : Hatzes (2013), Rajpaul et al. (2016), Toulis & Bean (2021)
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Summary

Controlling the error rate of detection tests is critical and not easy in many practical applications
Focus here on detection tests for exoplanet detection
Noise PSD unknown distribution but i) reliable simulations, ii) ancillary observations available

We proposed a semi-supervised standardized detection procedure and a MC method to evaluate p-
values of detection tests

— propagate the estimation errors of model parameters on p-values

— quite versatile (periodograms, detection tests, noise models)

— available online at:  https;//github.com/ssulis/3SD

— allow to test the robustness of a given noise model to error model

_ ; , . . 17
Thank you ! Questions ? Please, write me an email : sophia.sulis@lam.fr
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