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i To better capture global motion We model the distribution of point ,

Challenges Our Solution: Temporal Context patterns, we adopt distributed trajectories using two multivariate

e Occlusion + Long-term Point Tracking Image gradient-based sampling. Cauchy distribution for 2D positions. |

 Dynamic Scenes * Anchor-based Motion Estimation

e Low-texture Area « Temporal Probabilistic Modeling The selected anchors are easy We apply kernel method on MLP

to track and well-distributed. features for predicting scale matrix.

Replica MPI Sintel TartanAir Shibuya

LEAP-VO Pipeline Quantitative and qualitative comparisons on Replica, MPI Sintel and TartanAir
Shibuya datasets. Our method shows better camera tracking performance.
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O — Hard Mostly Implicit Per matching 1. Given a new image, the keypoint extractor extracts new keypoints from this frame. Cove Y v~ ooss 00,2 18I
- , 2. All keypoints are tracked by LEAP front-end across all other frames within the current LEAP /A A ol A
LEAP (Ours) Easy Explicit Per trajectory

window, followed by a track filtering module to remove dynamic and unreliable points. (c)

By leveraging temporal context and continuous motion, our LEAP 3. The local BA module is applied on the current BA window to update the camera poses and (a) Qualitative results for dynamic track estimation. (b) Qualitative results of point-
can provide more reliable and accurate static trajectories for VO. 3D positions of the extracted keypoints by minimizing the reprojection error. wise temporal uncertainty measurements. (c) Effect of track filtering module.
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