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Abstract. With the big data era of astronomy coming, machine learning becomes
more popular in various astronomical aspects, for example, classification of celestial
objects, physical parameter measurement, rare object detection and so on. Quasar can-
didate selection belongs to the classification problem. Based on a number of present
photometric and spectroscopic sky survey projects, preselecting quasar candidates from
galaxies and stars is a hot issue. It is easy to separate quasars and stars from galaxies
by morphology while it is difficult to distinguish quasars from stars due to their similar
morphology. Nevertheless, researchers have figured out various approaches on quasar
candidate selection. We will introduce them in detail.

1. Introduction

With the development of large sky survey projects, such as SDSS, LAMOST, 2MASS
and WISE, the number of known quasars has increased quickly in recent years and
added up to more than 500,000. This achievement mainly depends on the improvement
of observational technologies, the availability of multiwavelength data, the application
of machine learning in targeting quasar candidates. The past aim of quasar discovery is
to find more quasars while the recent aim is to find unusual quasars, for example, high
redshift quasars, extremely luminous quasars. The acquisition of quasars are important
to understand the physical mechanism, formation and evolution of quasars and the early
history of the Universe.

2. Schemes to target quasar candidates

So far there have been various methods to pick out quasar candidates. The quasar can-
didates selected from single band are inclined to be some kind of quasars or quasars
with some range of redshift. To overcome the disadvantage, the application of mul-
tiwavelength data is a good solution, for example, optical information combined with
infrared information. By the distribution of known galaxies, stars and quasars in the
color-color spaces or color-magnitude spaces, the criterion to separate these three kinds
of objects may be obtained, then it is applied on the unknown objects and select out
quasar candidates, as show in Figure 1. But these criterions based on color-color cut or
color-magnitude cut only consider the information in a two dimensional space, not us-
ing all features provided by the samples. For this reason, machine learning algorithms
are adopted. The schemes are shown in Figure 2. The known sample may include
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galaxies, stars and quasars (left panel of Figure 2), or stars and quasars after ruling out
galaxies by color-color cut (right panel of Figure 2). Such algorithms with the success-
ful applications contain Support Vector Machine (SVM; (Peng et al. 2012)), Kernel
Density Estimation (KDE; (Richards et al. 2004)), Neural Network (NN; (Yèche et al.
2010)), Extreme Deconvolution (XD; (Bovy et al. 2011)), random forest ((Schindler
et al. 2017)) and so on. In this scheme, only one machine learning algorithm is im-
plemented. Each algorithm has its inclination. So the machine learning algorithm
committee may replace single machine learning algorithm, as indicated in Figure 3. N-
evertheless the effectiveness of selecting quasar candidates may be improved while its
efficiency will decrease due to high-cost computation.
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Figure 1. The scheme of color-color cut or color-magnitude cut

Some researchers focus on the study of high redshift quasars. Nevertheless the
number of known high redshift quasars is too small. In order to increase this sample,
different approaches are figured out, for example, color-color cut, infrared-based meth-
ods. Through above schemes (Figures 1-3), quasar candidates are available. Based on
the known quasar sample, we may create a multiple classifier to divide the quasar can-
didates into low redshift quasars, medium redshift quasars and high redshift quasars, as
shown in the left panel of Figure 4, or build a regressor to predict the redshifts of the
quasar candidates as described in the right panel of Figure 4. The regression algorithms
fit for photometric redshift estimation of quasars include k Nearest Neighbors (kNN;
(Zhang et al. 2013)), Skew-t ((Schindler et al. 2017)), random forest ((Schindler et al.
2017)), Support Vector Machine (SVM; (Schindler et al. 2017)), combined kNN and
SVM ((Han et al. 2016)), and so on.

No matter for classification issues or for regression issues, appropriate choice of
algorithms is a must. Drawing lessons from the past examples, we select the best algo-
rithm, or improve the old methods, even develop new methods. In reality, we should
consider both effectiveness and efficiency. The more data available, the more features
can be used. Facing lots of features, feature selection or feature extraction is neces-
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Figure 2. The scheme of machine learning algorithm
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Figure 3. The scheme of machine learning algorithm committee

sary ((Zheng & Zhang 2008)). According to the characteristics of data and adopted
algorithms, we carefully perform feature selection or feature extraction.

3. Conclusion

We summarize the schemes to target quasar candidates. By means of these schemes,
more and more quasars will be discovered with the continuous increase of various large
sky survey data. Most works on this respect make use of single epoch data. The time
series data from Gaia, Pan-STARRS and upcoming LSST will provide new opportunity
for quasar discovery.
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Figure 4. The scheme to discriminate different redshift quasars
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