Deep Online Fused Video Stabilization
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Method
Deep Fused Video Stabilization

e (Gyroscope

R(tf) — SLERP(R(ta)? R(tb)a (tb — tf)/<tb — ta))
e (Camera pose representation
r=K({)R(t)X

zy = Ko () Ry ()R (1) K, ()2,

e Relative rotation based motion history
H, = Hv,absolute * Rgl(t)
e Multi-stage training
Sensor —)> Sensor + Optical Flow

Results of user study

Gyroscope Per-category quantitative evaluation

Qualltatlve Results
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Summary

e First DNN framework fuses motion sensor data and optical flow for online video stabilization

e An unsupervised learning process with multi-stage training and relative motion representation

e A benchmark dataset that contains videos with gyroscope and OIS sensor data and covers
various scenarios

Visual comparisons
e (rid-based frame warping
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