
DarSwin-Unet: Distortion Aware 
Encoder Decoder Architecture

Leonardo Sacht

360 e2e: Analysis and Synthesis of Omnidirectional Video

November 13th, 2025



Complete reference
DarSwin-Unet: Distortion Aware Encoder Decoder Architecture

Authors: Akshaya Athwale, Ichrak Shili, Émile Bergeron, Ola Ahmad, 
Jean-François Lalonde (Université Laval)

Conference: 2025 IEEE/CVF Winter Conference on Applications of Computer 
Vision (WACV)



Goal: wide-angle image pixel-level tasks

…



Contributions of DarSwin-Unet

● Encoder-decoder transformer network



Contributions of DarSwin-Unet

● Encoder-decoder transformer network
● New pixel sampling scheme



DarSwin (2023): Encoder-only

…

● Distortion-aware

● Non-pixel-level tasks (e.g., classification)



DarSwin (2023): distortion-aware partition
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DarSwin (2023)
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DarSwin (2023): sampling and CNN

…



DarSwin (2023): transformers and merging

…

● A set of non-overlapping shifted windows is defined using the patches 
along the azimuth dimension.

● Shifts are obtained by displacing the windows along the azimuth.
● Downsampling to merge groups of four angular patches. 



DarSwin-Unet (2025): encoder-decoder

● Patch partition improvement
● Decoder to perform pixel-level tasks



DarSwin (2023): sparsity of samples

…

(Known) Lens distortion:
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(Known) Lens distortion:



DarSwin-Unet (2025): better sampling 

…

(Known) Lens distortion:



DarSwin-Unet (2025): better sampling 

…
● Objective function:
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●
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DarSwin-Unet (2025): better sampling



DarSwin-Unet (2025): encoder (DarSwin)



DarSwin-Unet: transformers and expanding

● MLP for the expanding layer.
● 4x expansion along the azimuth direction.



DarSwin-Unet: transformers and expanding

● KNN (k=4) to map to original sample resolution.
● Linear projection to obtain the result.



Training: datasets
● Matterport3D (equirectangular+depth, indoor only):



Training: datasets
● Simulation of varying lense distortions:



Training: datasets and loss function
● 4 sets of 9,120 training images (very low distortion, low distortion, medium 

distortion, and high distortion)

● 20 sets of 1,680 testing images ([0,1] distortion ranges subdivided in 20)

● Training loss:                                                       , where d_i is the difference 

between the predicted and ground-truth (log)-depth, lambda=0.85.

●  Many parameters to be tuned in the network!
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Results
● Evaluation metric: 
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Github repository
● https://github.com/padfoot231/DarSwin_Unet/

● Readme (1):

https://github.com/padfoot231/DarSwin_Unet/
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Github repository
● Readme (2):

● requirements.txt:



Github repository
● And running the code I get:



Conclusions about DarSwin-Unet

● Positive: showed that distortion must be taken into account
● Negative: combination of many techniques, parameters, …



Conclusions about DarSwin-Unet

● Positive: showed that distortion must be taken into account
● Negative: combination of many techniques, parameters, … Thank you!



Backup slides…



DarSwin-Unet: motivations
● Transformers instead of CNNs: CNNs are more suitable for perspective 

images (translational equivariance).

● Swin-Transformers instead of regular transformers: regular transformers are 
more suitable for text processing. 

● DarSwin instead of Swin: Swin doesn't take into account distortions.

● DarSwin-Unet instead of DarSwin: DarSwin is encoder-only and works for 
non-pixel-level tasks (e.g., classification).


