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Fun Statistics with Fourier Spectra
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X-ray Spectra Vary with Time
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X-ray Spectra Vary with Time

“hard state”

R\

—
o

“soft state”

4/

> ~,
£S5 N
1 1
| = .
- "/

.

K Hard
‘lIntermediate

‘
Jetline? %

10 100
Photon Energy [keV]

Malzac (2008)

total brightness

Quiescence

Hard i

high-frequency/low-frequency X-ray brightness
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Fourier Analysis tells us about variability!*

*for evenly sampled time series

1 1
z(t) = N Zaj cos(wjt — ¢;) = N Z(Aj cosw;t + Bjsinw;t).
J J

periodogram:

statistical distribution?
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Fourier Analysis tells us about variability!*

*for evenly sampled time series

White noise light curve White Noise Periodogram
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Fourier Analysis tells us about variability!*

*for evenly sampled time series

Periodic signal light curve Periodogram with Periodic Signal
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Fourier Analysis tells us about variability!*

*for evenly sampled time series

Periodic signal light curve Periodogram with Periodic Signal
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Fourier Analysis tells us about variability!*

*for evenly sampled time series

Red noise light curve Red Noise Periodogram
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Fourier Analysis tells us about variability!*

*for evenly sampled time series

QPO light curve QPO Periodogram
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So, we're done, right?



Hercules X-1

Huppenkothen & Bachetti, in press

NuSTAR combined light curve
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After detection of a photon, the detector is
“dead” for a short interval
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After detection of a photon, the detector is
“dead” for a short interval

dead time
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Dead time affects mean and variance of
the periodogram
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Can we fix this?



Yes (ish)



Having Two Detectors Helps!
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Compute cross spectrum instead
of periodogram

1

Y

Fu(3)F, () = 5 {(AzjAyj + B2jByj) + i(AzjBy; — Ay;jBaj)}

phase/time lag

1
Cj = 5(AzjAy; + BajBy;).

cospectrum
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What is the statistical
distribution of the cospectrum?



periodogram



periodogram

la;l* = A* + B*




periodogram

WSO <— y2distributed
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cospectrum
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we know

set Bessel

~ function

then the PDF is:

Watson (1922); Wishart
& Bartlett (1932)

the distribution for Z+Q

Is the convolution of PDFs: pz+0(2) = pz * pp(2)
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“The sum of two random
variables is equivalent to the
multiplication of its moment-

generating functions.

— nho astronomer, ever
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This is a Laplace
distribution!




... wWhy are we doing this again?
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- simulated data - | aplace distribution -++=  x? distribution
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- simulated data - | aplace distribution -++=  x? distribution

v2 distribution

O

3 15

2 10 Laplace

5 5 distribution
2

e

|
&)

20 30
Frequency [Hz]




- simulated data - | aplace distribution -++= 2 distribution

v2 distribution
E Laplace
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Frequency [Hz]

signhificance threshold matters!



what about averaged cospectra?
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so now we're done, right?

... hot quite!



1) Equations so far only work for
white noise

2) The cospectrum only fixes the
mean in the dead time case, not
the variance!
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What about stochastic
variability?

correlation coefficient
between Fourier amplitudes

r = 0 for white noise
r = 1 for power spectra
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statistical distribution depends on ,

which depends on power spectral shape!
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Can we model the Fourier
amplitudes directly?

N/2
P({Ay, Ayjs By By Y51 6, Apnor) = Z |- log2xICl) — ([Ay, Ayl C 7 Ay, Ay — ([By, B,1"C ™' [By, By

-

j=0

depends on P(V)



[work in progress!]
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But: we can correct the
periodogram (and the
cospectrum) in some

cases!



Fourier Amplitude Difference Correction

red noise, no dead time
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Fourier Amplitude Difference Correction
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Fourier Amplitude Difference Correction
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Fourier Amplitude Difference Correction
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Caveat: this overestimates
the rms amplitude when
both flux and rms are very
large



Conclusions

statistics with Fourier spectra is fun!

use the cospectrum to do timing of bright sources in
the presence of dead time when more than one
detector is available (Bachetti+, 2015)

the (averaged) cospectrum requires different
statistical distributions for significance testing
(Huppenkothen+Bachetti, arXiv:1709.09666)

there is currently no closed-form solution for red
nhoise cospectra (future work)

but red noise periodograms can be corrected using
the FAD technique (Bachetti+Huppenkothen, arXiv:1709.09700)
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Goagle
Summer of Code

Python API for XSPEC Optimize Stingray for Large Phase-resolved oscillations

Datasets

Develop a modular python API to use Implement method to calculate the

XSPEC (a popular X-ray astronomy phase of oscillatory phenomena with

Optimize tools in the Stingray library

tool) in python workflows non-constant frequency, and calculate

for use on large datasets from new X-

ray space missions phase-resolved spectra

dhuppenkothen matteobachettl abigailStev
abigailStev pbalm abigailStev matteobachetti

timelab timelab

http://openastronomy.org/gsoc/gsoc2018/



