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Japanese Classical Documents
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* Japanese classical documents are valuable cultural resources, but many surviving pages contain
ink stains, water damage, mold, smudges, and paper aging.
* These artifacts obscure characters and make both human reading and downstream document
\ analysis difficult. e FEELANESZOHLRRECHDIBEARER REE (BBt BREERFE>S—)
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Qualitative comparison on one weak, one medium, and one strong sample
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