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Abstract
One of the most common characteristics of blazars is the
presence of rapid variability at almost all wavelengths of the
electromagnetic spectrum (Werhle et al. 2012). Thus,
variability studies are one of the most powerful tools for
understanding the physical processes of blazars. There have
been several statistical methods to detect variability in light
curves of blazars, such as the C-test, the F-test, the ! " test,
and the one-way analysis of variance (ANOVA) test.
However, all such statistical tests require well-sampled light
curves in order to determine variability. Machine learning has
the capability to also detect variability after being trained
with well-sampled light curves. Here we present preliminary
results in the use of machine learning to identify variability in
the light curves of blazars, and an analysis of which light
curve features are most helpful in determining variability.
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Fig. 1 (left). The 28-year light curve of the blazar 3C454.3 in R band from
the FBO. Data points represent the average of 12 images if R > 15.0
magnitude (Flux density < 3.0 mJy), or 6 images if R < 15.0. The 2016
June outburst (Weaver et al., submitted to ApJ) is highlighted in red
and shown in Fig. 2.
Fig. 3 (below). (a) The behavior of the blazar 3C454.3 in R band on
2016 June 25, with an exponential decay and decaying sinusoid fit to
the data. Each data point is an individual image, instead of an
average of images as in Fig. 1 and 2. The sinusoid has an average
amplitude of 0.17 mJy and a period of 36 minutes. (b) The residual flux
from the fit, on the same scale as the light curve. The solid black and
dashed black lines represent the 1# and 2# error bars, respectively. A
"
! " test for goodness of fit yields !$%&
= 1.06. Figure from Weaver et al.
Fig. 2 (right). The R band
light curve of the blazar
3C454.3 during the 2016
June outburst from FBO.
Data points are averages of
images in the same way as
Fig. 1. The night of rapid
micro-variability, June 25, is
highlighted in red and
shown in Fig. 3.

2016 June 25

2016 June Outburst

The Data Set
Images from the ongoing AGN monitoring program at the Colgate University Foggy Bottom
Observatory (FBO) are well-suited for the training of machine learning algorithms. The 16-inch
telescope and CCD system are used over 100 nights per year, resulting in a well-sampled
light curve on both short and long timescales as a minimum of 12 images are obtained per
source each night they are observed, with more taken if a blazar is exhibiting an outburst. In
this work we use the 2016 June outburst of the blazar 3C454.3 as a training set of data to
identify nights of intraday or micro-variability during the 28-year light curve of 3C454.3, shown
in Fig. 1. The 2016 June outburst, shown in Fig. 2, is used as the training set due to being a
particularly well-sampled outburst, with several nights of 4+ hours of observation (an example
night, June 25, is shown in Fig. 3). A one-way analysis of variance test (ANOVA) has already
been used to identify nights of variability (Weaver et al., submitted). In total, the data set
consists of 7224 individual R band images taken on 676 nights over 28 years, from 1989 to
2016.

Ideas for Future Work

• Increase the size of the training set by using multiple years.
• Increase the size of the training set by including multiple
sources in the analysis (such as 30 sources from the WEBT).
• Determining if any of several other machine learning
algorithms, such as k-nearest-neighbors classification or
support vector machines, performs better than the
random forest classifier.
• Simulate light curves to determine the minimum number of
observations required to reliably identify variability.

Fig. 4 (left). Flux density vs.
time during seven nights
from the training set with a
calculated one-way analysis
of variance confidence
level > 1% (> 3#) . In all
panels, flux density (in mJy)
is on the y-axis, and time (in
UT hours) is on the x-axis. The
scale is the same in all
panels.
Error
bars
are
plotted, but some are
smaller than the symbols.
Confidence values p are
given. (h) June 30 is given as
an example of a nonvariable night. The training
set
consists
of
both
increasing and decreasing
trends, as well as nights with
oscillatory micro-variability
(see Fig. 3), and features
large changes in flux. Figure
from Weaver et al.

Methodology
Following from Weaver et al. (submitted), we use a one-way analysis of variance test
(ANOVA; see de Diego 2010) to classify the nightly light curves of the blazar 3C454.3 during
the 2016 June outburst into “variable” and ”not-variable” categories, delineated by a
significance value , < 0.1% > 3# . Eight of the 39 light curves were flagged as variable at
this confidence value. Seven of the eight light curves are pictured in Fig. 4, as is a night that
showed no variability. All nightly light curves from the outburst were used as the training set
for a Random-Forest (RF) classifier (Breiman 2001) from the public library scikit-learn
(Pedregosa et al. 2011) with 100 estimators. We derive 19 features of each light curve from
the features listed in D’Isanto et al. (2017). Only one feature from this paper, the pair slope
trend, was not used as most nights in the training set did not have more than 30 data
points. A subsample of the training set was not split into a test set due to the relatively few
light curves used; future work seeks to improve the number of available training light curves.
The same features were then calculated for each of the remaining 637 nightly light curves.
Each set of features was used to determine if the flux density of the blazar was variable.

Fig. 6 (above). Feature importance for the 19 features used by
the RF classifier, taken from D’Isanto et al. (2017). Measures of
the spread of the data, such as the standard deviation (std)
and the fraction of points beyond one standard deviation of the
mean (b1std) appear to be most important. Which features are
important differ from those that appear in D’Isanto et al. (2017),
where a multi-class classification was attempted to distinguish
between different types of astronomical transients.

Fig. 5 (below). Flux density vs. time for 8 of the 33 nights categorized as
variable by the trained RF classifier. In all panels, flux density is on the yaxis and time (in UT hours) is on the x-axis. Error bars are shown. Panel
(a), 1996 Jan 25, has the least number of images while still being
categorized as variable. The breaks in time in several panels are due to
breaks in observation in R band to observe with other filters. The
classifier can detect smaller changes in flux than traditional methods.

Results

The RF classifier identified 33 nights of the remaining 637
nights as being highly variable. A subset of those nights are
shown in Fig. 5. The algorithm can categorize variability in
as little as three data points (e.g., 1996 Jan 25), as well as
nights with more observations. The training set that was
previously classified as variable was recovered during the
analysis. The algorithm can be tricked, however, with
outlying data points with large errors as there is no measure
of error size in the features utilized other than the standard
deviation of the fluxes. Of the 19 features used for this
analysis, three are important for the classification (see Fig.
6): b1std, the fraction of the data points above or under a
certain standard deviation from the weighted average; pa,
the maximum percentage difference between maximum
or minimum flux and the median; and std, the stand
deviation of the fluxes. Combined they make up 61% of the
total weights in the model.
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