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RECONSTRUCTION FOR FLUORESCENCE
MOLECULAR TOMOGRAPHY OF SPARSE
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Abstract

limator. A large number of research works has shown such
beneﬁts that the method could provide. Compared with
other imaging techniques, FMT has superiorities of sensitivity and speciﬁcity. Fluorescence is generated under external laser excitation or during metabolism. To obtain the
three-dimensional distribution of ﬂuorescence in the tissue,
multi-angle detection of ﬂuorescent photons escaping from
the body surface, through three-dimensional reconstruction. FMT can realize the physiological and biochemical
process of tissues, the pharmacokinetic process of targeted
drugs, etc., in vivo, continuous, and noninvasive observation [1]. It has become an important tool for biomedical
research, diseases diagnosis, therapies evaluation, and so
on [2]. For FMT, it is important to reduce the light dose
and the acquisition time [3]. The excessive amount of light
dose may cause photo-toxicity of the ﬂuorescent proteins,
and the excessive acquisition time may lead to the undesirable movement of samples. In addition to speeding up
the scan speed, an eﬀective way is to reduce the number of
the projection. With ﬁltered back projection (FBP), the
number of projections necessary to reconstruct accurately
should be proportional to the resolution of the projection
image [4]. In the case of sparse angle, the result of FBP
reconstruction has strip artifacts, and the image details are
completely blurred [5]–[7]. The compressed sensing (CS),
also known as compressive sensing, compressive sampling,
or sparse sampling algorithm, is a new technique for acquiring and reconstructing a signal [8], [9]. Random sampling is used to obtain discrete samples of the signal, and
then the signal is perfectly reconstructed through a nonlinear reconstruction algorithm. The theory of CS indicates
that a signal can be recovered from far fewer samples than
required by the Shannon–Nyquist sampling theorem by
exploiting the sparsity of it [10]. But CS is limited by two
basic conditions. The ﬁrst is sparsity, which requires the
signal is sparse in some domain; and the second one is incoherence between the measurement matrix and the sparse
basis. Most medical images do not satisfy the requirement
of sparsity. But most of them can get sparse representation
by sparse transformation. So the CS-based algorithm may
be used to reconstruct images from sparse projection data

With the development of ﬂuorescence molecular tomography technology, densely sampled measurements can be easily obtained. However, challenges still remain in fast image reconstruction, phototoxicity, photobleaching of the ﬂuorescent proteins, long time under
anesthetic and specimen movement during the acquisition, etc. In
this work, a novel compressed sensing reconstruction method was
presented to reduce the acquisition time or number of projections,
while yielding better image quality. We deﬁned a diﬀerentiable
convex total variation function as the optimization objective, which
improved the calculation speed and stability of the ﬁnite diﬀerence
transform. In addition, maximum likelihood expectation maximization algorithm was proposed as the projection onto convex sets process to improve the convergence speed of the algorithm. For testing
and evaluating the proposed algorithm, we also designed a head
model of emission mode in MATLAB. Phantom simulations demonstrated that the proposed method could achieve ﬁne reconstruction
image by sparse view.
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1. Introduction
In vivo, with the help of ﬂuorescent probes, ﬂuorescence
signals can express molecular and cellular activities. Fluorescence molecular tomography (FMT) can be applied
to study many physiological and pathological processes in
small animal. In principle, it is an optical version of the
single photon emission computed tomography without col∗
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matrix Θ satisfy the following restricted isometry property
(RIP) conditions (Candes and Tao):

[11]–[14]. Most of these iterative processes of CS algorithm
are based on an implementation of the algebraic reconstruction technique (ART) or expectation maximization
transform that acts as forward projector [15]. In the ART
algorithm, the factors that aﬀect the number of iterations
and the quality of reconstruction mainly include the access
mode of projection data and the selection of relaxation factors. These two parameters are often related to the number
of projections and the features of the image, which are
diﬃcult to determine usually. In this paper, we present a
novel CS algorithm using maximum likelihood expectation
maximization (MLEM) algorithm [16] as the projections
onto convex sets (POCS) process [17], [18] to avoid such
problems. The simulation experiment and reconstruction
eﬀect evaluation were also carried out.
The paper was organized as follows. In Section 2,
the basic concepts of CS related to this article will be
introduced brieﬂy. In Section 3, the proposed improved
compression sensing algorithm will be discussed in detail,
and in Section 4, the reconstructed and original image at
the visualization-based evaluation levels and quantitativemetric-based comparison levels are carried out. Finally,
the implication of the results will be further discussed in
Section 5.

1−ε≤

When the matrix Θ satisﬁes the RIP characteristic, the
sparse coeﬃcient s can be obtained by inversing (2), and
then the signal x can be accurately recovered from the
M-dimensional observation vector through (1). The reconstruction of signals is essentially a process of ﬁnding the
sparsest solution under the condition that y can be obtained, that is, the problem of solving the underdetermined
equations. The most direct method to solve the problem is
by minimizing the l0 norm:
min s0 s.t.y = ΦΨs
s

min s1 s.t.y = ΦΨs
s

2

min s1 s.t. ΦΨs − y2
s

n


si

(5)

i=1

It’s a convex optimization problem, which can be solved
by linear programming. The typical algorithms include
gradient projection method, interior point method, basis
pursuit, and POCS algorithm. In addition, some greedy
algorithms can be used to solve such problem.

(1)

there are only K nonzero coeﬃcients in S. The commonly used sparse bases include discrete cosine transform basis, discrete wavelet transform basis, fast Fourier
transform basis, chirplet basis, and curvelet basis. Normally, these transformations can obtain good sparse
representation, but the computation process is rather
complicated.

3. Proposed Method
Due to the characteristics of biological tissue and FMT
imaging, the ﬂuorescence image has characteristic of local
smoothing, and it can be considered that its ﬁnite diﬀerence
image is sparse. Our experiments show that the ﬁnite
diﬀerence image of FMT has good sparsity and can reﬂect
the edge information of the image. So, the ﬁnite diﬀerence
transform (FDT) is used as its sparse transformation. The
l1 norm of the FDT, that is, the total variation (TV), is
taken as the optimization objective function. The TV is
deﬁned as:
 
2
|∇F | dxdy
TV(F ) =
Ω
 
2
2
|∂F/∂x| + |∂F/∂y| dxdy
(6)
=

2.2 Sparse Sampling
After the sparse representation of the signal is obtained by
sparse transformation, the observation value y of length
M (M  N ) can be acquired:
Θ = ΦΨ

or

≤ ε, s1 =

i=1

y = Φx = ΦΨs = Θs,

s

where s0 denotes the number of nonzero elements of s.
The l0 norm constraint objective function is a NP-hard
problem. It has been proved that l0 norm minimization
and l1 norm minimization are equivalent under certain
conditions (Terry tao). The problem can be transformed
into the l1 norm minimization problem:

The sparsity of a signal is that the signal can be represented
by a linear combination of a few feature vectors. Let X =
[x1 , x2 , . . . , xn ]T , X ∈ RN , represent a one-dimensional
discrete signal with length N , and X can be represented
by a linear combination of a set of orthogonal bases D =
[d1 , d2 , . . . , dN ], N ∈ RN ,
Ψi si = Ψs

2

min s0 s.t. ΦΨs − y2 ≤ ε

or

(4)

2.1 The Sparsity and Sparse Representation

N


(3)

2.3 Recovery

2. Preliminaries

x=

Θv2
≤1+ε
v2

(2)

where Φ is the observation matrix (M × N ), and Ψ is the
sparse basis. It is an underdetermined problem to recover
the N-dimensional vector x from the M -dimensional vector
y, when M  N . The suﬃcient and necessary condition
for the solvability of the problem is that for given ε > 0,
the vector v with K nonzero terms and the measurement

Ω

The function is homogeneous, but not diﬀerentiable and
not convex. The speed and stability of solving non-convex
2

functions are worse than convex functions. Here, we deﬁne
two-dimensional TV as another form:
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|∇F | dxdy
TV(F ) =
 
Ω 
2
2
|∂F/∂x| dxdy +
|∂F/∂y| dxdy (7)
=
Ω

(2) Calculate the increment factor:
0
d (k) = XM
LEM (k) XP OCS (k)

(3) Calculate the gradient of TV and its direction:
 n−1 (k) = ∂ F T V
G
∂fi,j

Ω

For two-dimensional image, the FDT can be deﬁned as:


 
2
2
T V (F ) =
(fi,j − fi−1,j ) + (fi,j − fi,j−1 )

Ĝn−1 (k)

i,j

Then, the image F can be reconstructed by solving the
following optimization problems:
(9)
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A new iterative process was carried out.
4. Experiment and Evaluation
4.1 Subjective Index
In order to demonstrate the eﬀectiveness of the proposed
algorithm, we designed a Shepp–Logan head model of
emission mode as experimental phantom in MATLAB.
The model is often used to verify the eﬀect of image
reconstruction. The photons are radiated from the inside of
the model and attenuated by the tissue on the transmission
path [19], [20]. In the range of 360 degrees, a detector
is used to receive photons and obtain projection images.
Then, the projection images are reconstructed using FBP
and the improved CS algorithm proposed, respectively.
FBP algorithm is often used in 3D image reconstruction algorithm, due to its fast reconstruction time [21],
[22]. When suﬃcient projection images are provided, the
FBP algorithm can produce high-quality reconstruction
images, which is often used as the criterion of other reconstruction algorithms. Using 360, 180, 90, 60, 30, and 18
projections, POCS-TVM and FBP algorithms are used for
reconstruction, respectively. Figure 1 shows the comparisons. The ﬁrst row is the FBP reconstruction image, and
the second is that of POCS-TVM. Intuitively, we can see
that the image quality of FBP algorithm is equal to that of
POCS-TVM when the number of projections is more than
180. When the number of projections is less than 90, the
image of FBP has obvious artifacts, while POCS-TVM has
better performance. It’s diﬃcult to reconcile the demands
of image quality and artifact elimination when the number
of projections is less than 30.

(10)

(11)

here, k is the total number of iterations, fjk is the estimated value after k iterations, pi is the i-th projection
value, and ai,j represents the probability that the photon emitted from the pixel jof the object is detected
by the detector unit i.
(3) Nonnegative constraint on calculated value:
⎧
M
⎨ FM
M LEM (k) , FM LEM (k) ≥ 0
(12)
FM LEM (k) =
⎩ 0,
FM
(k) < 0
M LEM

Step 2, TVM process
(1) Initialize the TVM image:
FT0 V M (k) = FP OCS (k)

(15)

the algorithm terminates.
Otherwise:

where k is the total number of iterations.
(2) Iterate over the image using MLEM algorithm:
fj

 n−1 (k)
G
 n−1 (k)
G

,

n−1
FTmV M (k) = FTm−1
(k) , n = n + 1
V M (k) − λdA (k) Ĝ
(16)
where λ is a regulator. If the result of the calculation
satisﬁes the conditions:

where P is the ﬂuorescence projection image, A is the
observation matrix, and F is the image to be reconstructed.
The constraint condition P = AF is implemented by POCS
algorithm. The optimization problem is solved by gradient
descent method.
For the scanning mode of ﬂuorescence molecular image,
the measurement matrix is approximate to an irregular
local Fourier transform operator, which satisﬁes the RIP
characteristic. So, the reconstruction problem from the
sparse sampling signal has a stable solution.
The concrete implementation process consists of two
steps, one is the MLEM process under the constraint
condition and the other is the process of solving the total
variation minimization (TVM).
The ﬂuorescence image reconstruction process of
POCS-TVM is as follows:
Step 1, POCS process
(1) Initialize reconstruction image:
0
(k = 0) = 0
FMLEM

F =FTn−1
V M (k)

where n is the ordinal number of TVM processes.
(4) Modify the image in the negative direction of the gradient:

(8)

minT V (F ) , s.t.P = AF, F ≥ 0

(14)

(13)
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Figure 1. The comparison of reconstructed image between POCS-TVM and FBP. In sequence, (a) to (e) belongs to 360 to 30
projections, respectively.

Figure 2. (a) and (b) is horizontal and vertical center proﬁle line of FBP image, respectively, (c) and (d) belongs to that of
POCS-TVM.
4.2 Objective Index

POCS-TVM algorithm is very close to the original image,
while that of FBP is very diﬀerent, and has obvious artifact
noise.
The mean squared error (MSE) is the mathematical expectation of the squared error between the two values. For
two-dimensional image:

Since it is diﬃcult to obtain better quality of reconstruction image quality, 30 projections are used in the following experiments. In order to accurately compare the difference between the reconstructed image and the original
image, we take the longitudinal and horizontal central proﬁle lines as the comparison object, respectively (Fig. 2).
It can be clearly seen that the reconstructed image by

M SE =

4

m−1 n−1
1 
ˆ j)
I(i, j) − I(i,
m.n i=0 j=0

2

(19)

Table 1
Image Quality Comparison and Evaluation between FBP
and POCS-TVM Reconstruction
Style Name
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RMSE PSNR SSIM

POCS-TVM

3.49

20.98

0.85

FBP

9.15

16.00

0.27
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Its square root, root mean square error (RMSE) can be
used to measure the deviation between the reconstructed
image and the original image:

RM SE =

√


 n−1

 1 m−1
ˆ j)
I(i, j) − I(i,
M SE = 
m.n i=0 j=0

2

(20)
ˆ j) are original image and reconstructed
Here, I(i, j)and I(i,
image pixel, respectively. A smaller RMSE value indicates
a smaller diﬀerence.
The peak signal-to-noise ratio (PSNR) is an errorsensitive image quality evaluation. The larger the PNSR
value, the smaller the distortion of reconstructed image:




M AXI2
M AXI
P SN R = 10 × log10
= 20 × log10
M SE
M SE
(21)
Here, M AXI is the maximum value of the image.
The structural similarity (SSIM) is an index to measure
the similarity of two digital images:
SSIM (X, G) =

(2μX μG + c1 )(2σXG + c2 )
2 + σ2 + c )
+ μ2G + c1 )(σX
2
G

(μ2X

(22)

where X and G are the reconstructed image and original
image, respectively. The μX and μG are the average of X
and G, σX and σG are the standard deviations of X and
G, and σXG is the covariance. C1 = (K1 × L)2 , K1 = 0.01,
and C2 = (K2 × L)2 , K2 = 0.03 is a constant used to
maintain stability. L is the dynamic range of the image.
From Table 1, we can see that the improved POCSTVM algorithm can achieve better reconstruction results
under 30 sparse projection angles.
5. Conclusion
In this study, an improved CS reconstruction algorithm
based on POCS-TVM for FMT has been presented, and the
reconstruction process was discussed in detail and veriﬁed
by experiments. A sort of head model of the emission
mode was designed in MATLAB as the test phantom. By
using the phantom, the proposed algorithm was tested.
Through subjective perception and objective evaluation,
we demonstrated that the improved CS algorithm can
yield superior performance from sparse view projection.
Experiments showed that, by using as few as 30 sparse view
projections, the improved CS reconstruction algorithm
could produce high-quality FMT image.
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