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INTRODUCTION

State of the art:

✗ Non-optimality: Strategies grounded on some approximations of the noise
statistics.

Proposed method:

✓ New properties: Poisson-Gaussian neg log likelihood is a convexµ-
Lipschitz differentiable function.

✓ Flexibility: Restoration algorithm modeling a wide range of prior infor-
mation, e.g. criteria promoting sparsity in a frame, total-variation and more
generally hybrid regularization functions.

✓ Robustness to numerical errors: Essential for Poisson-Gaussian model.

PROBLEM

Degradation model: y = z(x) +w

y ∈ R
Q:

 observations

z(x) ∈ R
Q:

 realization of
Z(x) = (Zi(x))1≤i≤Q

w ∈ R
Q:

 realization of
Carl Friedrich Gauss Simon Denis Poisson W = (Wi)1≤i≤Q

1809 Normal distribution 1827 Poisson distribution
Wi ∼ N (b, σ2) Zi(x) ∼ Pα([Hx]i) H ∈ [0,+∞)Q×N :

 linear operator

Problem formulation: Find x̂ ∈ argmin f (x)

f (x) = h(x) + r0(x) +
∑M
m=1 rm(Lmx)

• rm(Lmx) - convex regularization term with linear operatorLm ∈ R
Pm×N

• r0(x) - indicator function of a closed convex subset of[0,+∞)N

•h(x) - for non-negative values defined as− log(pY (y;x)) and which takes a
quadratic form on(−∞, 0]N .
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Noisy image: MAE =18.98 Our result: MAE =3.23
(α = 0.4, σ2 = 50) (GAST model: MAE =3.38)

TOOL

1962 Proximity operator

ψ- semi-continuous proper convex function,
x ∈ R

N

proxψ : R
N → R

N

proxψ(x) =

miny∈RN ψ(y) + 1
2‖x− y‖2

Jean-Jacques Moreau

ALGORITHM

Primal-dual splitting algorithm [Combettes and Pesquet, 2011]

Initialization: x0 ∈ R
N , (∀m ∈ {1, . . . ,M}) vm,0 ∈ R

Pm.
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y1,k = xk − γ
(

∇h(xk) +
∑M

m=1L
⊤
mvm,k

)

+ ak

p1,k = proxγr0(y1,k)

Form = 1, . . . ,M

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y2,m,k = vm,k + γLmxk
p2,m,k = y2,m,k − γ proxγ−1rm(γ

−1y2,m,k)

q2,m,k = p2,m,k + γLmp1,k

vm,k+1 = vm,k − y2,m,k + q2,m,k

q1,k = p1,k − γ
(

∇h(p1,k) +
∑M

m=1L
⊤
mp2,m,k

)

+ ck

xk+1 = xk − y1,k + q1,k

•γ ∈ (0,+∞).

• (ak)k∈N and (ck)k∈N - sequences of elements ofRN corresponding to
possible errors in the computation of the gradient ofh.

CONVERGENCE

Assumptions:

➊h is a convex,µ-Lipschitz differentiable function,

➋f is coercive, i.e.lim‖x‖→+∞ f (x) = +∞,

➌ for everym ∈ {1, . . . ,M}, rm is finite valued,

➍γ ∈ [ǫ, (1−ǫ)/β] whereǫ ∈ (0, 1/(β+1)) andβ = µ+
√

∑M
m=1 ‖Lm‖2,

➎ (ak)k∈N and(ck)k∈N are absolutely summable sequences.

Result: There exists a minimizerx of f (x) such that the sequences
(xk)k∈N and(p1,k)k∈N converge tox.

Noisy blurred image: MAE =20.48 Our result: MAE =3.59
(α = 0.4, σ2 = 50) (GAST model: MAE =3.71)


