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Issue: Provide 3D object detection and depth estimation within monocular 360° panoramic
           imagery for autonomous driving.

Motivation
(1) Lack of 360° panoramic dataset for automotive applications.
(2) Can a monocular panoramic camera be used for 3D estimation tasks?
(3) Can existing models and training datasets be reused for panoramic imagery?

Approach
(1) Reuse existing neural network architectures used for rectilinear imagery
      (MS-CNN [1], Monodepth [2]).
(2) Adapt existing datasets (KITTI) based on style (CycleGAN [3]) and projection
      transformation to be more similar to panoramic imagery used for testing.
(3) Extend network for monocular 3D detection in both rectilinear and panoramic imagery
      with additional outputs for object distance, orientation, size and position.
(4) Use wrap-around padding at inference time on convolutions to hide panoramic image
      boundaries, enabling a seamless processing.
(5) Test using real-world imagery from Mapillary [4]
      and synthetic imagery from the CARLA simulator [5].

Real-world imagery from Mapillary [4] Synthetic imagery from CARLA simulator [5]

Wrap-around padding of convolutions at 
inference to hide image boundaries

A: Original KITTI dataset
B: Style transferred dataset

A,B: Padding with zero
C,D: Wrap-around padding

Training
Inference

Detection Depth Estimation

Transform Dataset mAP Abs. Rel. Sq. rel. RMSE RMSE log Depth acc.
δ < 1.25

none K 0.34 0.25 7.7 3.5 0.46 0.70

proj. K 0.24 0.25 7.4 3.5 0.44 0.73

style C 0.35 0.26 7.7 3.6 0.48 0.69

style M 0.36 0.26 7.9 3.6 0.47 0.68

style M+C 0.38 0.23 6.3 3.6 0.47 0.68

style & proj. C 0.26 0.30 9.6 3.7 0.47 0.72

style & proj. M 0.31 0.30 10 3.8 0.47 0.72

style & proj. M+C 0.36 0.23 6.4 3.6 0.46 0.72

Results on synthetic data from CARLA simulator

Results
(1) Qualitative analysis on real world imagery from Mapillary [4].
(2) Quantitative analysis on synthetic imagery from CARLA automotive simulator [5].

Transfer

Efect of zero padding (A,B) and wrap-around padding (C,D)

Conclusion
(1) Identify new set of challenging automotive problems about panoramic sensing.
(3) Exploration of dataset bias and transferrability from rectilinear to panoramic datasets.

(2) Provide new synthetic dataset as a performance benchmark.
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