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ABSTRACT

This paper addresses fluorescence diffuse optical tomography

(FDOT) reconstruction problem with a priori information.

We assume that approximate location of the fluorophore

concentration is known from physiology of the disease and

nature of the fluorophore injected. In addition, we assume the

anatomical edge structures from an anatomical image modal-

ity partially coincident with the edges of the fluorophore

concentration image. We formulate FDOT reconstruction

in Bayesian framework and model a priori information of

FDOT into a Gaussian Markov random field (GMRF) with

several unknown parameters. We simultaneously estimate the

optical image and the unknown a priori model parameters.

Numerical simulations demonstrate that the a priori infor-

mation could effectively improve the image reconstruction

results.

Index Terms— fluorescence, optical tomography, image

reconstruction

1. INTRODUCTION

Fluorescence diffuse optical tomography (FDOT) is a rapidly

developing functional imaging modality that measures the

3D fluorophore activity inside biological tissue at cellular

and molecular level [1]. FDOT requires 3D reconstruction

of fluorophore concentration using boundary measurements

obtained at the emission and excitation wavelength. How-

ever, the nonlinear and ill-posed nature of the FDOT inverse

problem makes accurate reconstruction of fluorophore con-

centration a challenging problem.

Previous studies in the literature showed that incorpo-

rating structural a priori information from a high resolu-

tion imaging modality, such as magnetic resonance imaging

(MRI) or X-ray computer tomography (CT), could improve

the reconstruction of FDOT images. In [2, 3], the structural

a priori information from anatomical image is used to de-

composes the fluorescence image domain into regions with
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similar anatomical properties. The reconstruction of fluo-

rophore concentration is constrained spatially to particular

segments. This can be considered a as ’hard-constraint’ (as

defined in [4]). However, it’s always possible that the corre-

lation between the a priori anatomical image and fluorophore

concentration image may not be high. For example, the

location of fluorophore concentration in the optical image

may not have a corresponding counterpart in the anatomical

image. In this case, imposing hard-constraint may lead to

erroneous results. Thus the a priori information has to be

incorporated as a ’soft-constraints’ [5] by building a greater

degree of uncertainty into the a priori model. A study by

Davis et al [6] proposed a method to incorporate structural

a priori information into a Laplacian-type matrix, where the

a priori information is utilized as a soft-constraint to guide

image reconstruction. Although Davis’ study added some

flexibility to deal with uncertainty in a priori information, the

improvements in the accuracy of FDOT image reconstruc-

tion depends on the assumption of high structural-optical

correlation.

In this work, we present an FDOT image reconstruction

method where a priori information is utilized as a ’soft-

constraint’ to guide image reconstruction, which can tackle

with the case of low structural-optical correlation. We use

two types of a priori information: (1) The localization infor-

mation of the fluorophore concentration based on chemical

properties of the fluorophore injected and the disease physiol-

ogy. (2) The anatomical edge structure of the tissue. We build

the a priori information into Gaussian Markov random field

(GMRF) model with several unknown parameters. GMRF

has been widely used for modeling spacial images, it cap-

tures both localization and edge information of fluorophore

concentration. The unknown parameters of GMRF model are

estimated iteratively from measurement data, which enables

a flexible soft-constraint to guide image reconstruction. In

simulation study, we show that when the structural-optical

correlation is high, our method can significantly improve the

reconstructed image. In addition, even if the correlation is

low, our method can still get to good reconstruction results.

We compare our method with to Laplacian-type regulariza-

tion method [6], and show that when the a priori structural

information deviates from the true optical image, the recon-
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struction results in our method are much less biased towards

the prior as compared to the Laplacian-type regularization

technique.

2. FORWARD PROBLEM OF FDOT

We model the forward problem of FDOT in frequency do-

main. In this work, we assume that the source is time-

invariant with zero modulation frequency, which is also

known as continuous wave (CW) FDOT. Then the propaga-

tion of the excitation and emission light in a bounded domain

Ω ⊂ R
3 is described by the following coupled diffusion

equations:

−∇ · Dx(r)∇φx(r, ri) + μax(r)φx(r, ri) = Si(r), (1)

−∇·Dm(r)∇φm(r, ri)+μam(r)φm(r, ri) = φx(r)ημaxf (r),
(2)

with the Robin boundary condition

2Dx,m(r)
∂φx,m(r, ri)

∂n
+ ρφx,m(r, ri) = 0, r ∈ ∂Ω, (3)

where φx,m(r, ri) is the isotropic photon density of the exci-

tation(emission) light at position r due to the ith point source

Si(r) centered at ri. Dx,m(r) and μax,m(r) are diffusion

and absorption coefficients of the medium under excitation

and emission wavelengths respectively. c is the speed of light

propagation in the medium. n is the direction perpendicular

to the boundary, and ρ is the boundary mismatch parameter

due to the light reflection at the boundary. μaxf (r) is the

absorption coefficient of the fluorophore at excitation wave-

length, which is related to the fluorophore concentration and

is the quantity to be reconstructed. η is the known quantum

yield.

In the case of weak fluorophore, it’s reasonable to assume

that in the NIR spectrum, the contribution of fluorophore ab-

sorption to the total absorption is negligible [7]. Thus we

make the following simplifying assumptions:

μax = μaxe + μaxf ≈ μaxe (4)

μam = μame + μamf ≈ μame (5)

where the subscript e denotes endogenous properties and f
denotes exogenous properties.

Let Γi,j be the boundary measurement at the jth detector

due to the ith source. Using (1)-(3), Γi,j can be modeled as:

Γi,j =
∫

Ω

g∗(r, rj)φx(r, ri)ημaxfdr, (6)

where g∗ is the Green’s function of adjoint problem associ-

ated with (2) [8]. If there are Ns sources, Nd detectors and

the total number of measurements is M = Ns × Nd, we can

assemble Γi,j into an M × 1 vector as follows:

Γ = [Γ1,1, . . . ,Γ1,Nd
, . . . ,Γi,j , . . . ,ΓNs,Nd

]T ,

We discretize the domain into N voxels and let xi =
μaxf (ri), where ri is the center of ith voxel.

x = [x1, x2, ..., xN ]T .

Discretizing (6) by the finite difference method, we get:

Γ = Ax, (7)

where A : L2(Ω) → R
M is the vector-valued forward opera-

tor.

3. BAYESIAN FDOT IMAGE RECONSTRUCTION
WITH GMRF PRIOR MODEL

3.1. GMRF Prior Model

We address the inverse problem within a Bayesian frame-

work. We add zero-mean i.i.d white Gaussian noise ε to the

observation model in (7), and obtain:

Γ = Ax + ε, (8)

Thus the data likelihood is given by:

p(Γ|x) =
1

(2π)M/2σM
exp(− 1

2σ2
n

‖Γ − Ax‖2), (9)

where σ2 is the variance of the addictive noise ε.

We model the prior density of x in GMRF as follows:

p(x) =
exp{U(x|mk, ak, b1

k, b2
k, b3

k)}
C(mk, ak, b1

k, b2
k, b3

k)
, (10)

U(x|mk, ak, b1
k, b2

k, b3
k) = −

∑
k

ak(xk − mk)2

−
∑

k

(
3∑

l=1

bl
k(xl

k)2), (11)

where C(·) is the partition function, U(·) is known as the

Gibbs energy, xl
k is the difference between kth voxel xk and

its neighboring pixel in the l direction (l = 1, 2, 3) in 3D

Cartesian coordinate system. mk, ak, b1
k, b2

k, b3
k are unknown

parameters which vary by location k corresponding to the

center of the kth voxel. mk is the mean value for xk. ak pe-

nalizes the difference between xk and mk. ak and mk model

fluorophore localization information. bl
k penalizes the gradi-

ent in the l direction. It models fluorophore edge structure

across l direction.

Using the a priori localization information, we decom-

pose the image domain Ω into foreground Rf and background

Rb regions. Rf denotes the pixel locations where fluorophore

is expected to accumulate, Rb denotes the pixel locations

where no fluorophore is expected. Similarly, for the edge

information, we decompose Ω into region Rl
e where fluo-

rophore image is expected to have large gradient in the l
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direction, i.e., an edge along the direction perpendicular to

the l direction, and Rl
ne where no edge perpendicular to the

l direction is expected. Next, we assume that mk, ak, bl
k are

unknown piece-wise constant functions on the corresponding

regions:

mk =
{

mf rk ∈ Rf

mb rk ∈ Rb
, ak =

{
af rk ∈ Rf

ab rk ∈ Rb
,

bl
k =

{
bl
e rk ∈ Rl

e

bl
b rk ∈ Rl

ne
, l = 1, 2, 3.

Let θ = [mf ,mb, af , ab, b
1
e, b

1
b , b

2
e, b

2
b , b

3
e, b

3
b ]

T denote the

unknown parameter vector of the GMRF prior model. The

MAP estimate of x can be obtained from the posterior density

function of x as a function of θ. Thus,

x̂ = arg max
x

p(Γ|x)p(x) (12)

3.2. Parameters estimation

In this section, we estimate the unknown parameters vector θ
from measurements as follows:

θ = arg max
θ

J(θ) � arg max
θ

Ex[log p(Γ,x)|Γ,θ]. (13)

The optimal parameters for (13) can be found iteratively by

the EM algorithm [9]:

(θ(q+1)) = arg max
θ

Ex[log p(Γ,x)|Γ,θ(q)]

= arg max
θ

Ex[−‖Γ − Ax‖2

2σ2

− log C(θ) + U(x|θ)|Γ,θ(q)]

� arg max
θ

F (θ|Γ,θ(q)), (14)

where θ(q) is the parameters vector estimated at the qth it-

eration of the EM algorithm. The pseudo code is given in

Algorithm 1.

4. SIMULATION RESULTS

In this section, we simulated the FDOT image reconstruction

using a 2-D phantom shown in Figure 1(a). The reconstruc-

tion area is a 6cm×6cm square. The origin of the coordi-

nate system is located at the center of this phantom. The op-

tical properties for the phantom are: μa = 0.05cm−1 and

μ′
s = 8cm−1 (D = 1/3(μa + μ′

s)). Within the phantom,

c = 2 × 1010cm, and on the boundary of phantom, ρ = 0.5.

The fluorophore with μaf = 0.005cm−1 and η = 0.05 is

in a 1.2×1.2 cm square-shaped region, and the center of this

region is located at (−1.20, 0). We place 20 sources (black

triangles) and 25 detectors (hollow diamonds) on the bound-

ary as shown in Figure 1(a). We add 10% i.i.d. Gaussian

noise into the boundary data.

Algorithm 1 The EM algorithm for parameters estimation.

• Initialize parameter θ(0)

while |θq+1 − θq| > T1(threshold) and J(θq+1) > J(θq)
• Generate samples of x based on posterior pdf with

parameter θ(q), and calculate J(θq)
• Start with θ = θq;

while |∇F | > T2 (threshold) and step size Δ > T2

• θ′ ← θ + ∇F (θ|Γ,θ(q)) · Δ
if F (θ′|Γ,θ(q)) > F (θ|Γ,θ(q))
• θ ← θ′

else
• reduce Δ

end
• θq+1 ← θ;

end

The a priori information used in the simulation is pre-

sented in Figure 1(b). The 1.2cm×1.2cm shaded area indi-

cates the a priori foreground Rf , and the blank area indicates

the a priori background Rb. Rl
e, l = 1, 2, corresponds to the

edges of Rf , and Rl
ne, l = 1, 2, is the the region where no

edge is expected across l direction. As we move Rf (shown

in Figure 1(b)), the a priori localization and edge informa-

tion deviates from the true corresponding information in the

fluorophore concentration image.

Figures 2(a)- 2(c) show the reconstruction results when

the a priori foreground region is centered at (−1.2, 0),
(−0.3, 0) and (0.3, 0), respectively. For comparison, we re-

constructed the fluorophore concentration using the Laplacian

type regularization [6], which is shown in Figures 2(d)- 2(f),

respectively. We observe that in Figure 2(a) and Figure 2(d),

where the structural-optical correlation is high, both meth-

ods obtain good reconstruction results. However, when the

a priori information deviates from the true fluorophore con-

centration image, the images reconstructed by our approach

(shown in Figure 2(b) and Figure 2(c)) are less biased to-

wards the prior as compared to the ones reconstructed by

the Laplacian-type regularization approach as shown in Fig-

ure 2(e) and Figure 2(f).

To evaluate the results quantitatively, we calculate the

contrast-to-background noise ratio (CBNR) and the contrast-

to-object noise ratio (CONR) of the reconstructed image

and summarized them in Table1. The quantitative result is

consistent with the visual result presented in Figure 2.

5. CONCLUSION

In this work, we formulated a priori information of FDOT by

a GMRF model with unknown parameters. These parameters

capture a priori information on the location and the gradient

of fluorophore concentration. We estimated the unknown a
priori model parameters from measurements using the EM
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(a) The simulation setup.

(b) The prior structural image.

Fig. 1. The simulation setup and prior structural image.

Table 1. CBNR and CONR of the reconstruction images in

simulation.

Rf center
CBNR CONR

Proposed Lapalcian Proposed Laplacian

(-1.2,0.0) 26.46 29.00 10.35 27.70

(-0.3,0.0) 7.177 4.478 4.744 3.513

( 0.3,0.0) 7.639 4.735 3.806 2.352

algorithm. Numerical results show that GMRF model is ro-

bust with respect to imperfect a priori information. The future

work will include applying this algorithm to real phantom or

clinical data.
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