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Discovering variable stars

Independently on 3rd-party catalogues
Unique approach
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Classification

Using artificial intelligence and novel dimensionality reduction method
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Finding stars cookbook

e Capturing astronomical images

 Calibrating images

* Extracting data

* Magnitudes synchronization

* Finding varying light curves (to spot variable stars)
* Classifying the ,,most variable” stars



Observing the sky and extracting data
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Extracting from .FITS

SEXTRACTOR

u2.13

Finding bright objects
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15 295.1970058 +30.1932734 -8.1634 0.1191 732.1466 3.9199  2.7272877008e-03  1.5714505514e-03 5.12 9.372 19

‘ . . - 16 295.1967512 +30.8534379 -7.2588 0.3038 305.6198 4.6395 4.534037796%e-03  2.3211787091e-03 5.51 0.262 16
- 17 295.1966669 +30.2732383 99.0000 99.0000 976.08630 4.7848  3.6274258538e-03  2.1094420840e-03 8.60 8.339 16

- 18 295.1946018 +30.1831722 -7.8720 0.2055 701.3611 10.2577  3.1777833314e-02  2.7482587937e-02 6.12 9.201 @
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25 295.1967047 +30.1906300 99.0000 99.0000 724.08866 4.7142  3.3132160993e-02  2.4567026325e-03 10.25 9.726 19

26 295.1965732 +30.2187758 -9.0941 0.8636 809.9396 5.0587  1.9184187777e-83  1.3959960541e-03 10.07 0.220 16

27 295.1952616 +30.89804873 -8.7518 0.0747 388.1421 8.5591  1.2762467130e-02  8.8629901715e-03 5.42 08.409 16

28 295.1967008 +30.1728314 99.0000 99.0000 669.7968 4.7308  6.4294111515e-03  2.7463557586e-03 9.03 0.430 19
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_ 32 295.1949286 +30.0900306 -7.8469 0©.1252 417.2549 9.4335 1.4182879940e-02  2.6561238730e-02 6.44 0.273 @



394 | | | | | | T

Fail

39.0 -

38.8

Data are not
cross-calibrated 38.6

384 1 I 1 I I I i
1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5

39.4 B | | | | 1

02 ‘,d""-\‘
> 3 JRin

38.6

-
¥

384 ] ] I I I
—-2000 0 5000 10000 15000 20000



Reference stars method

* Finding reference stars in images
 Comparing to web catalog
* Calculating zero-point  m =my, = Zip,

Disadvantages

* Relyance on web catalogue data
(contains error)

* Complicated search of reference stars
(and not always possible)




Self referencing

Lets say most of the stars are constant
Most stars have a flat magnitude curvature

And we are finding only the varying data
Magnitudes are relative, they only make sense within this data source
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Schyzo parameter

Variability index

Variance/schyzo

Catalogue
comparison



Light curves classification

e Obtaining training data from web catalogues

¢ Featu re e ng| nee r| ng Decision surface of multi-class SGD
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* Training classifiers

* Selecting best models ,
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Obtaining training data

* Representative set of light curves from OGLE survey (hard to make
them of simmilar distribution)

2000 Classical Cepheids

82 Anomalous Cepheids
203 Type Il Cepheids

2000 RRLyr Stars

2000 Long Period Variables
137 Double Period Variables
23 R CrB Stars

2000 o Sct Stars



Different stars — different light curves

mag ()

mag ()

mag ()

% OGLEIl CAR-SC1 5494: folded lightcurve A (Algol-type)
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Descripting graphs by features

Period, amplitude, curvature,
variance skewness...



24 features inspired by
UPSILON paper

Key

amplitude (+)

Description

Amplitude from the Fourier

decomposition
: Ratio of higher and lower
hl_amp_ratio (+) )
- - magnitudes than the average
S kurtosis (+)  Kurtosis
= UPSILoN
1 period (+) Period
\"‘h-_.—-"' . .
Cumulative sum index over a
phase cusum (+) .
- phase-foled ligit curve
: Eta over a phase-foled ligit
Time — phase_eta (+) P J
- curve
: 2nd and 1st phase difference
phi21 (+) » >
from the Fourier decomposition
type | amplitude | cusum eta |hl_amp_ratio| kurtosis |n_points period | period_SNR | period_log10FAP | ... | quartile31
0 |aCep |0.173048 |0.126777 |0.915260 | 0.689657 -1.110821 | 380 0.976699 |96.164451 |-49.621281 .|0.26025
1|aCep |0.221470 |0.166455 |1.451716 | 0.402886 -1.183087 | 725 0.381785 | 133.016293 |-119.716574 .|0.32300
2 |aCep |0.235030 |0.151673 |1.965137 |1.035610 -1.178892 | 361 1.862021 |99.042587 |-52.283372 .|0.33700
3 |aCep |0.106398 |0.070888 |1.999927 | 0.617563 -1.077602 | 370 0.932103 | 105.255041 |-55.526561 .10.14550
4 |aCep |0.145742 |0.084975 |2.632110 |0.933617 -1.075075 | 370 0.849591 105.562812 |-56.930509 .|0.20075




Feature correlation

Lower correlation (white
sguares) means better
differentiantion
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Dealing with high dimensionality

RRLyr Andrew s curves

1.5 3 EEEF’ mapping of features
o on amplitude,
: e\ = Cep _
B\ RCB curvature, period and
| skewness

f.e. on these features
T2Cep looks more
differentiated than
LPV




t-distributed stochastic neighbour

embedding
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Training classifiers . learn

* Trying neural networks, support vector machines, logistic regression...

Nearest Neighbors Linear SVM RBF SVM
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Random forest

e Overperformed all others Decision Forest
* Able to generalize most A

(

tree T v

Pr(v)




Results

Trained on 2/3 of training
data and evaluated on
remaining 1/3 (that the
algortihm never seen
before)

To ensure the algorithm
can generalise
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Command line interface

time | mag |

int]| float| Float IN
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The star is most probably EELyr with probability 25,
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Results

1 Officialy registrated

and many other pending...
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V1268 Cyg by D30 in Ondrejov
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Trying spectroscopy...
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Impacts and social relevance

* New methods and findings
* photometry
* classification

e Secondary science: get most from reusing older data
* (even students can find their own)

e Zero-cost (no expenses on new images)
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Thank you for your attention



