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Cost Volume

Given a keyframe image and a sequence of frames with the cor-

Mapping Results

*equal contribution

The fixed band gains in performance with more frames but can also saturate. Based on the depth estimate of the fixed band, the narrow band
network further increases the accuracy and captures more details.
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Losses

Tracking

We deal with large camera motions at smaller resolutions and then incrementally refine the pose at larger resolutions. responding relative camera poses, we can collect photometric in- Fixed band - The training objective for the tracking network is
To this end we train 3 tracking networks with distinct parameters but similar architecture. formation from multiple images In a cost volume. It stores the Corcting = Loiow (W) + Lonotion(68) + Luncertainty (65)-
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* A multiple hypothesis approach for camera poses which leads to Tracking network design while narrow band centers around the previous depth estimate:
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Mapping Robustness

Mapping Comparison

Our mapping is more robust with respect to noisy camera poses
than traditional methods. Even under large noise the depth map
preserves important structures, which improves the robustness of
the overall system.

Generalization experiment on KITTI [6] w/o finetuning

KITTI I1s an urban scene dataset captured with a wide-angle
camera, which differs from our training data significantly. Without

Qualitative depth prediction comparison for sequences with 10 frames. The classic methods have problems with short sequences and textureless
scenes. DeMoN works well even in homogeneous image regions but misses many details. Our method can produce high quality depth maps
using a small number of frames and captures more details.

The mapping module estimates the keyframe depth from the keyframe image and the cost volume computed from a set of images and camera
- Relative pose from keyframe to current frame =~ THC poses. It is divided into a fixed band module and a narrow band module.

* Pose increment from virtual to current frame 0T

_ Keyframe Keyframe _ Keyframe SGM[5] DTAM[2] DeMoN[1]* ours GT finetuning our method generalizes well to this dataset.
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