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y "→ x̂(y)

D : ((Rp → Rp) × Rp) → (Rp → Rp)

(x̂ ; y) #→ Dx̂(y)

R[x̂] : Rp → Rp

y "→ R[x̂](y) = Dx̂(y)(y)

apply point-wise

enhance locally
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R[x̂](y) = x̂(y) + J(y − x̂(y))
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Chained expression
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One step

If Jx̂(y) = x̂(y) =⇒ R[x̂](y) = Jy

→ theoretical general results
→ true for aniso-TV, iso-TV, Lasso, . . .
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Numerical Evaluation for NLM
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Thanks for your attention
Part of this work was presented at SSVM’15 (invariant)

Preprint online (covariant)


