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( Wu et al., 2018 )

Wu, L., et al., 2018. A framework for mixed-use decomposition based on temporal activity signatures extracted from big geo-data. International Journal
of Digital Earth, 1-19.
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« AJf#%E Al /57% ( Explainable artificial intelligence )
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( Zhang et al., 2016 )

( Zhou et al., 2016 )

Zhang J, Lin Z, Brandt J, et al. Top-down neural attention by excitation backprop[C]//European Conference on Computer Vision. Springer, Cham, 2016: 543-559.

Zhou B, Khosla A, Lapedriza A, et al. Learning deep features for discriminative localization[C]l//Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. 2016: 2921-2929.

Samek, W., et al., 2019. Explainable Al: Interpreting, Explaining and Visualizing Deep Learning. Springer.



« LRP ( Layer-wise relevance propagation ) H’&
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Bach, S., et al., 2015. On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation. PloS one,

10 (7), e0130140.
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