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19 A7 (Long short-term memory)

7] 719 A7 Y(Long short-term memory, ©]st LSTM)
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A7 (spatial recurrent neural
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algorithm video recall precision F
pedestrians | 0.9615 0.9311 0.9461
SuBSENSE PETS2006 0.9446 0.9189 0.9315
[14] highway 0.9518 | 0.9355 | 0.9436
office 0.9053 0.9721 0.9375
pedestrians | 0.9786 0.8902 0.9323
PETS2006 0.9630 0.8830 0.9212
FTSG[15]
highway 0.9555 0.9338 0.9446
office 0.9081 0.9611 0.9338
pedestrians | 0.9500 0.9582 0.9541
PETS2006 0.8400 0.7418 0.7878
proposed
highway 0.9762 0.8819 0.9267
office 0.9566 0.9471 0.9518
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