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Aerial autonomous systems rely on - o &

temporally consistent predictions,

requiring efficient video segmentation

tailored for real-time flight.

Current Frame

« \We compute the usual cross-entropy segmentation
loss on the labeled current frame k.
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term between the prediction on k and the warped
prediction from k — 1, down-weighted by a soft

occlusion mask ij‘l"".
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Sparse labels and strict inference

supervised temporal
segmentation consistency

1 _ A —1112
Ltc — W ZZJ:OZ]’{J =k Hlef] - lefj 1”2

KD-SSP

Consistency
Loss

constraints make It difficult to achieve Past Prediction Similarity Weights Image Model _ L. redcton

consistent, accurate segmentation ] i (i j)1<i<mi<i<w  Estimatord O; 7% = exp(—|II}; — L' M) Prediction k - 1 e NetiWarp
R T | D — T s s 0SS se

across frames—posing a challenge for P,L-’fj: prediction at pixel (i, ) in current frame k : g

safety-critical onboard perception. Label k

f’if}_lz prediction from frame k—1 warped into frame k
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