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Results: V466 Cyg light curve

APPLAUSE DR2 (PyPlate 2.0)

Calibration in annular bins

APPLAUSE DR3 (PyPlate 3.0)
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Calibration in sub-fields
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Error Rate in Image Classification(%)

IMAGENET Large Scale Visual Recognition Challenge
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Error Rate in Image Classification(%)

IMA&GENET Large Scale Visual Recognition Challenge
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Neural Network Architecture



Convolutional neural network (CNN) architecture
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Training set

*include sources from many plates to learn about
different PSFs

* positives identified as isolated UCACA4 sources

* negatives have no UCACA4 counterparts and have many
other sources inside of a small (several arcsec) circle

* limit sources to the inner part of the plate



Train more CNNs
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