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INTRODUCTION

State of the art:
7 Non-optimality (unknown parameters not jointly estimated)
Proposed method:
3 Iterative, flexible algorithm producing reliable results

PROBLEM

Poisson-Gaussian model: Rs,t = αQs,t +Ws,t

Qs,t ∼ P
(
use
−kst

)
Ws,t ∼ N (c, σ2)

u = (us)1≤s≤S ∈ [0,+∞)S - “true” signal
k = (ks)1≤s≤S ∈ [0,+∞)S - bleaching rate
c, σ2 - mean & variance of Gaussian noise
α ∈ IR - Poisson noise scaling parameter

Problem formulation:

Find θ̂ =
(
û, k̂, α̂, ĉ, σ̂2

) θ = (u, k, α, c, σ2) - unknown parameters
r = (rs,t)1≤s≤S,1≤t≤T - observed vector
R = (Rs,t)1≤s≤S,1≤t≤T - random field
t - time index and s -space index

Challenge: Assumptions:

Find 2S + 3 parameters
with ST measurements

u - deterministic
Q and W - mutually independent
Elements of W (resp Q) - independent

APPROACH

CUMULANT BASED INITIALIZATION

Cumulant of order n:
κn[Rs,t] = αnκn[Qs,t] + κn[Ws,t]

mean: κ1[Rs,t] = αe−kstus + c

variance: κ2[Rs,t] = α2e−kstus + σ2

Observation 1: Rs,t = ase
−kst + c + Es,t, (as = αus)1≤s≤S

(Es,t)1≤s≤S,1≤t≤T - independent zero-mean random variables

(â, k̂, ĉ) = argmin
a,k,c

∑S
s=1

∑T
t=1

(
rs,t − c− ase−kst

)2
Alternating minimization approach:

Initialization: c(0) = min{ 1T
∑T

t=1 rs,t, 1 ≤ s ≤ S}
For n = 1 . . . N

For s = 1 . . . S⌊
(a

(n)
s , k

(n)
s ) = argmin

as,ks≥0

∑T
t=1

(
rs,t − c(n−1) − ase−kst

)2
c(n) =

∑S
s=1

∑T
t=1(rs,t − a

(n)
s e−k

(n)
s t)/ST

â = a(N), k̂ = k(N), ĉ = c(N)

Observation 2: E[(Rs,t − E[Rs,t])
2] = αase

−kst + σ2

 Least squares estimator for α
 (∀s ∈ {1, . . . , S}) ûs =

âs
α̂

 σ̂2 =
(∑

(s,t)∈I
(
vs,t − α̂âse−k̂st

))
/card(I),

where vs,t = (rs,t − âse−k̂st − ĉ)2, I - set for imposing positivity

EM

Iterative algorithm: (∀n ∈ IN) θ(n+1) = argmax
θ

J(θ | θ(n))

J(θ | θ(n)) = EQ|R=r,θ(n)[ln pR,Q(R,Q | θ)]
pR,Q(R,Q | θ) - mixed
continuous-discrete
probability measure

•Main difficulties: computation of EQ|R=r,θ(n)[Qs,t] and EQ|R=r,θ(n)[Q
2
s,t]

•EM step based on [1]

TIME VARIATIONS

25.8× 126 e−5.7×10
−7t + 8 25.8× 19 e−3.6×10

−6t + 8
Observed data , Reconstructed

VISUAL RESULTS

rs,1 rs,180

1
T

∑T
t=1 rs,t Reconstructed ûs

Images from macro confocal laser scanning microscope (Leica TCS-LSI)

Method
σ̂ ĉ α̂

SNR
bias std bias std bias std

Init. 357.5 3.1 1.9 1.0 −0.3 0.4 39.5

EM 2.9 0.9 1.4 0.8 −0.3 0.4 39.7

Synthetic data results for c = 10, α = 30, σ2 = 100 and T = 180
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