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Challenges

* Historical maps looks quite different from natural scene images, spotting
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e mapKurator, a machine learning system for historical map understanding.

 Source map: Clean (no text) OpenStreetMap tiles to provide background References
 Target map style: Ordnance Survey 6-inch map during year 1888-1913
* Model: CycleGAN to efficiently perform style transfer

 @Gathering training data for historical maps is important,
while manual annotation takes a lot of time and effort
* We propose to generate synthetic historical maps to aid
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