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clustering = MeM,; where | is the number of inliers *Comparable accuracy to state of the art in H155 Proc. ACCV, 2011.
with E(W, M) = exp{— E(w, M)} produced by model M -Useful for real-world trajectory data Blhttp://www.ces.clemnson.edu/~stb/klt
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Benefits of the proposed method [1]1 E. Elhamifar and R. Vidal. Sparse subspace clustering. In Proc.
. . . . CVPR, 20009.
*Computation time is 2 orders of magnitude faster
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