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Motivation

* Wide-angle lenses produce significant distortion. Lens distortion profile — - S (o A Generalization to other distortions out of training distribution
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Swin: Swin transformer trained on distorted images.

o Spherical distortion : one parameter 5 e [0,1] DAT: Deformable attention transformer trained on distorted images.
s T —— Swin(undis): Swin transformer trained on images undistorted using true un-distortion from spherical projection.

o PI’OjGCtiOIl function : P=F (7” PL 9) a0 7 9 i —— DarSwin: Our method trained on distorted images.
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Training sets based on different levels of distortion iz it
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