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• Calibartion is not a solved problem.

• Deploying emerging imaging technologies is hard.

• Calibrating fleets of robots can be an onerous task. • The framework is able to learn the 3D structure.
• This is a good indication that it can supervise odometry. 

• Good approximation the camera parameters.

• Camera charicteristics are not static.[1]
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• Outperform the unsupervised approach.
• Outperforms supervised, benefiting from unlabelled data.

• Generalise camera model.
• Separate scene and camera interpreters.

• In this work we take steps towards a general approach
  of plug and play sensors on robotic platforms.

• Uncalibrated visual odometry in a semi-supervised
  fashion.
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• Jointly learn novel views, odometry and camera model. • Captured dataset with multiple trajectories and scenes.

• Captured with robotic arm giving accurate ground truth data.

• Synthetic data used to have controllable camera parameters.

• Using neural rendering to provide self-supervision. 

• Hypernetwork allows training across multiple scenes.

• Handcrafted warp limits types of potential cameras.
• Handcrafted warp requires rectified images.
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• Struggles to explain complex light behavous and occulsions.

• Camera Interpreter - Distills input images into a pose and scene encoding.

• Scene Rendering Hypernetwork - Outputs the network weights of a ray
  render based on scene encoding.

• Ray Renderer - Implicit light field network used to render rays.

• Camera Model - First learn camera intrinsics using pinhole projection model. 
  Then learn implicit freeform distortion model.


