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Convolutional Neural Networks have been widely used as mainstream map tle wath . SSL partia2s  SSL complete UNetpartiai2s UNet_complete
models for extracting meaningful information from historical maps. ; 7

However, in recent years, the success of Self-Supervised Learning and
Vision Transformers in the field of computer vision has sparked interest
in applying these techniques also to historical maps.

In line with this trend, this project proposes an approach that combines
contrastive learning and the Swin Transformer (SwinUNet SSL). The
aim is to improve the accuracy and efficiency of semantic segmentation
specifically for railway features in historical maps.
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Figure 1: Data preprocessing workflow X . i
Figure 3 and 4 demonstrate that the results obtained from the SwinUNet

SSL are generally not as smooth as those from the UNet model. Both
3 Methodology models still exhibit misclassification of pixels, but when trained on a large
Backbone (based on SwinT) dataset, the UNet model shows significant improvement in performance.
o The trend, however, is reversed for SwinUNet SSL.

5 Conclusion and Future Directions
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: + Efficient training speed: Although not explicitly mentioned
| previously, the model has showcased the same level of training
o [l Swin-Transformer - | : speed as mainstream models.
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l loss to address the misclassification of pixels in imbalanced classes.
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Figure 2: Model architecture



