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First paper: original version of Automark
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DETECTING ABRUPT CHANGES IN THE SPECTRA OF
HIGH-ENERGY ASTROPHYSICAL SOURCES1

BY RAYMOND K. W. WONG∗, VINAY L. KASHYAP†,2,
THOMAS C. M. LEE‡,3 AND DAVID A. VAN DYK§,4

Iowa State University∗, Harvard Smithsonian Center for Astrophysics†,
University of California, Davis‡ and Imperial College London§

Variable-intensity astronomical sources are the result of complex and of-
ten extreme physical processes. Abrupt changes in source intensity are typi-
cally accompanied by equally sudden spectral shifts, that is, sudden changes
in the wavelength distribution of the emission. This article develops a method
for modeling photon counts collected from observation of such sources. We
embed change points into a marked Poisson process, where photon wave-
lengths are regarded as marks and both the Poisson intensity parameter and
the distribution of the marks are allowed to change. To the best of our knowl-
edge, this is the first effort to embed change points into a marked Poisson
process. Between the change points, the spectrum is modeled nonparamet-
rically using a mixture of a smooth radial basis expansion and a number of
local deviations from the smooth term representing spectral emission lines.
Because the model is over-parameterized, we employ an �1 penalty. The tun-
ing parameter in the penalty and the number of change points are determined
via the minimum description length principle. Our method is validated via a
series of simulation studies and its practical utility is illustrated in the analysis
of the ultra-fast rotating yellow giant star known as FK Com.

1. Introduction. Astronomical sources that exhibit temporal variability or pe-
riodicity are among the most scientifically rich in the observed Universe. Variation
in source intensity can result from rotations, eclipses, magnetic activity cycles or
the turbulent flows of matter into deep gravitational wells. Massive stellar explo-
sions known as super novae, for example, appear as abrupt peaks in the electro-
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Second paper: 4D version of Automark
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Abstract

Many astrophysical phenomena are time-varying, in the sense that their intensity, energy spectrum, and/or the
spatial distribution of the emission suddenly change. This paper develops a method for modeling a time series of
images. Under the assumption that the arrival times of the photons follow a Poisson process, the data are binned
into 4D grids of voxels (time, energy band, and x-y coordinates), and viewed as a time series of non-homogeneous
Poisson images. The method assumes that at each time point, the corresponding multiband image stack is an
unknown 3D piecewise constant function including Poisson noise. It also assumes that all image stacks between
any two adjacent change points (in time domain) share the same unknown piecewise constant function. The
proposed method is designed to estimate the number and the locations of all of the change points (in time domain),
as well as all of the unknown piecewise constant functions between any pairs of the change points. The method
applies the minimum description length principle to perform this task. A practical algorithm is also developed to
solve the corresponding complicated optimization problem. Simulation experiments and applications to real data
sets show that the proposed method enjoys very promising empirical properties. Applications to two real data sets,
the XMM observation of a flaring star and an emerging solar coronal loop, illustrate the usage of the proposed
method and the scientific insight gained from it.

Unified Astronomy Thesaurus concepts: Time series analysis (1916); Poisson distribution (1898); Maximum
likelihood estimation (1901); Detection (1911); Spatial point processes (1915); Astronomy data analysis (1858)

1. Introduction

Many phenomena in the high-energy universe are time-
variable, from coronal flares on the smallest stars to accretion
events in the most massive black holes. Often, this variability
can just be seen “by-eye” but at other times, we need to use
robust methods founded in statistics to distinguish random
noise from significant variability. Realizing where the change
has occurred is critical for subsequent scientific analyses, e.g.,
spectral fitting and light-curve modeling. Such analyses must
focus on those intervals in data space that are properly tied to
the changes in the physical processes that generate the observed
photons. Therefore, it is of importance to identify sources as
well as to locate their spatial boundaries. Our goal is to detect
change points in the time direction; that is, the times at which
sudden changes happened during the underlying astrophysical
process.

Change-point detection in time series is well studied, and
several algorithms employing different philosophies have been
developed. For example, Aue & Horváth (2013) employed
hypothesis testing to study structural break detection, using
both nonparametric approaches like cumulative sum (CUSUM)
and parametric methods like likelihood ratio statistic to deal
with different kinds of structural breaks. Another likelihood-
based approach commonly used to analyze astronomical time
series is Bayesian Blocks (Scargle et al. 2013), which finds
change points by fitting piecewise constant models between
change points. A good example of the model driven approach
is the Auto-PARM procedure developed by Davis et al. (2006).
By modeling the piecewise-stationary time series, the proce-
dure is able to simultaneously estimate the number of change

points, their locations, and the parametric model for each piece.
Here the minimum description length (MDL) principle by
Rissanen (1989, 2007) is applied in the model selection
procedure. Davis & Yau (2013) proved the strong consistency
of the MDL-based change-point detection procedure. Another
example is Automark by Wong et al. (2016), who developed an
MDL-based methodology that detects the changes in observed
emission from astronomical sources in 2D time–wavelength
space.
Dey et al. (2010) loosely classified image segmentation

techniques into two categories: (i) image driven approaches and
(ii) model driven approaches. Image driven segmentation
techniques are mainly based on the discrete pixel values of
the image. For example, the graph-based algorithm by
Felzenszwalb & Huttenlocher (2004) treats pixels as vertices,
and the weights of the edges are based on the similarity
between the features of pixels. The evidence for a boundary
between two regions can be measured based on the graph. Such
methods work in many complicated cases as there is no
underlying model for images. Model driven approaches rely
upon the information of the structure of the image. These
methods are based on the assumption that the pixels in the same
region have similar characteristics. The Blobworld framework
by Carson et al. (1999) assumes that the features of pixels are
from a underlying multivariate Gaussian mixture model.
Neighboring pixels whose features are from the same Gaussian
distribution are grouped into the same region.
Here we follow the model driven approach. In order to

develop a change-point detection method for image time series
data, we begin by specifying an underlying statistical model for
the images between any two consecutive change points. In

The Astronomical Journal, 161:184 (17pp), 2021 April https://doi.org/10.3847/1538-3881/abe0b6
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The problem in the first paper

we deal with high-spectral/high-temporal resolution grating data

these data are obtained as lists of photons

for each photon we know
1 the time at which it was recorded (t)
2 its wavelength and hence its energy (E )
3 its coordinate (x and y , not used in the first paper)

one interesting question: does the distribution of energy change over
time?
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Two typical data sets (forget about the red lines)
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Spectrum at a fixed time t

Note the emission lines
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Preprocessing: binning
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task: estimate/smooth the spectra and detect break points
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Results: data set 1, two segments (black, red)
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Results: data set 2, three segments (black, red, green)
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The problem in the second paper

use all photon attributes: t, E , x and y

do binning spatially (x and y) and temporally (t)

a time series of images

(show movie)

break/change point over time?

task: estimate/smooth the images and detect break/change points
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Application to real data
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Detected breakpoints at t = 12, 42, 57
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Concluding remarks

speed is a big issue (Axel and Cong are on it)

without binning?
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