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First attempt of directionality reconstruction for atmospheric neutrinos
in a large homogeneous liquid scintillator detector, (Phys.Rev.D 109
(2024) 5, 052005)

Prediction of energy resolution in the JUNO Experiment, (CPC%# % {&
FHE XFE)

a3l (hEWIEC) RIE"B Prediction of Energy Resolution in the JUNO Experiment” 4@z H2025F S 1 HiHENE,

Machine-Learning based photon counting for PMT waveforms and its
application to the improvement of the energy resolution in large

liquid scintillator detectors, (EPJC, 5T /&% % — 1T #)

Neutrino type identification of atmospheric neutrinos in a large
homogeneous liquid scintillator detector, (& 1E 4 A ¥ F 1%, 1T X%
PRD)
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