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e Calibartion is not a solved problem.
e Camera charicteristics are not static.[1] .
. . . . . . Camera Ray i+14
e Deploying emerging imaging technologies is hard. Model Renderer >
o Calibrating fleets of robots can be an onerous task. ; e The framework is able to learn the 3D structure.
I e This is a good indication that it can supervise odometry.
o e
RELATED ORK Camera Parameters
S R d . ‘ Camera Initial Error NOCaL (ours) COLMAP [5]
Camera Model cene endering Ray Renderlng [3] f Ipx] | Error Ar | f [px] | Error A7 | f [px] | Error Ar
Hypernetworks Focal: 600px, no distortion | 640.0 | 0.0225 | 601.1 | 0.0008 | 599.4 | 0.0003
Training Focal: 600px, large distortion | 640.0 | 0.0440 | 5953 | 00186 | 602.1 | 0.0010
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Distortion A Hypernetwork e Good approximation the camera parameters.
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—m Odometry accuracy on captured indoor imagery
(2,9) Rays—— W — position, direction Fully supervised 800 0 0.027 2.414
[2] Rays Unlabelled calibrated [1] 0 8000 0.033 1.808
(za,ya) Rendering Light Field NOCaL (ours) 800 7200 0.022 0.505
Network Network
. . . Ablation study using rendered indoor imagery with camera distortion
e Handcrafted warp requires rectified unages. C Int " Distills i ti int d di Ours no intrinsics or distortion 100 900 0.168 12.194
.. . e Camera Interpreter - Distills input images into a pose and scene encoding. istorti
e Handcrafted warp limits types of potential cameras. P P & P & Ours no distortion 100 900 0136 5275
Ours full 100 900 0.154 4.481
e Struggles to explain complex light behavous and occulsions. e Scene Rendering Hypernetwork - Outputs the network weights of a ray e Outperform the unsupervised approach.
render based on scene encoding. . .
e Outperforms supervised, benefiting from unlabelled data.
WHAT IS NOCal? e Ray Renderer - Implicit light field network used to render rays.
. e - CONCLUSION & FUTURE WORK
° - First learn camera intrinsics using pinhole projection model. e Uncalibrated visual odometry in a semi-supervised
Then learn implicit freeform distortion model. . o y S€Imi-Supervise
fashion.
| View Synthesis e In this work we take steps towards a general approach
ti tiv1 of plug and play sensors on robotic platforms
NOCaL > EXPERIMEths d Data [ Svnthetic Dat ‘ e Generalise camera model.
apture ata [4 nthetic Data .
\ Odometry b y e Separate scene and camera interpreters.
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