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In a nutshell ...

€ There are many algorithms, old and new,
for astronomical time series data

@ Analysis results can be easily computed and
displayed in large data bases

€ Automated exploration of time series surveys?



Algorithm Categories ...

€ Time Domain (local)
= Nonparametric models
= Bayesian Blocks (piecewise constant, linear, or exponential)
= Symbolic Representation
= Parametric model fitting

€ Frequency/Scale Domain (global)
= Power Spectrum
= Correlation Function
= Structure Function
= Wavelet Spectrum

€@ Time-Frequency/Time Scale Domain (hybrid)
= Time-frequency distribution
= Wavelet transform



Barriers to
Astronomical Time Series Analysis

€ Uneven Sampling
€ Data Gaps
& Observational Errors

@ Variable Observational Errors
(heteroskedastic)

@ Exposure Variation
& Variety of Data Modes:
€ Events (photons)

€ Counts in bins
& Point measurements ...
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Studies in Astronomical Time Series Analysis. VI. Bayesian Block Representations
Jeffrey D. Scargle, Jay P. Norris, Brad Jackson, James Chiang arxiv.org/abs/1207.5578
Listed in Astrophysics Source Code Library: http://asci.net
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Bellman, R. 1961, On the approximation of curves by line segments using
dynamic programming, Communications of the ACM, 4, 284.

15 Years of Reproducible Research in Computational Harmonic Analysis.
Donoho, D. et al. 2009, Computing in Science and Engineering, 11, 8
stats.stanford.edu/~donoho/Reports/2008/15YrsReproResch-20080426.pdf



Bayesian Blocks 12hr Averages

Zoom In

Crab Nebula Flux
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The Optimizer

best = []; last = [];
for R=1:num_cells
[ best(R), last(R) ] = max( [0 best] + ...
reverse( log_post( cumsum( data_cells(R:-1:1, :) ), prior, type) ));

if first > 0 & last(R) > first % Option: trigger on first significant block
changepoints = last(R); return
end
end

% Now locate all the changepoints
index = last( num_cells );
changepoints = [];
while index > 1
changepoints = [ index changepoints |;
index = last( index -1 );
end



Optimum Partition Up To This Point Prospective Last Block
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BB Nearly Achieves Theoretical Detection Limit

Detection error rate vs. signal amplitude in units of asymptotic result.
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Cross- and Auto- Correlation Functions for
unevenly spaced data

Edelson and Krolik: “The Discrete Correlation
Function: a New Method for Analyzing
Unevenly Sampled Variability Data”
Astrophysical Journal 333 (1988) 646

P(T) = (1/N) Z X(t,) Y(t,) for t,—t. inTbin



Data Mode

= Photon events

= Time-to-Spill

= Counts in bins

= Flux measurements
= Any Mode/Sampling!

Jeff Scargle

Universal

Time Series
Analysis Machine

Extension of Edelson & Krolik

Algorithm for Correlation Function
of Unevenly Sampled Data

Auto-

= Correlation Function

= Fourier Power Spectrum

= Fourier Phase Spectrum

= Wavelet scalgram

= Wavelet scaleogram

= Structure Function

= Time-Frequency Distribution
= Time-Scale Distribution
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Cross-

= Correlation Function

= Fourier Power Spectrum
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Am (magnitude)
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Summary:

We have an efficient algorithm for exact global optimization of segmented representations of
time series data -- with any data mode and time sampling.

Data gaps, variable exposure, multivariate data are no problem.

For Streaming Data:
Everything described here can be implemented in a real-time or trigger mode:

Return the Next Significant Change-Point in Any Streaming Time Series

New Book:

Way, M.J., J.D. Scargle, K. Ali, and A.N. Srivastava (Eds.), 2012:
Advances in Machine Learning and Data Mining for Astronomy.

Data Mining and Knowledge Discovery Series. Chapman and Hall/CRC.

Conference:

Progress on Statistical Issues in Searches

June 4 -6, 2012

Kavli Auditorium

SLAC National Accelerator Laboratory, Menlo Park, CA



