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Abstract–Combining PET and MRI, the hybrid scanner can
simultaneously acquire data from both the dual modalities.
Therefore, the research on improving the quality of dualmodality images is necessary and important, and joint
reconstruction of PET-MRI has the potential to enable superior
imaging for both imaging modalities. We propose a cross-guided
(CG) prior model based on guided functions, which can be
incorporated into dual-modality joint reconstruction of PET and
MRI by Maximum a posterior (MAP) framework. In our work,
the proposed CG prior model was composed of two parts: PET
part weighted with anatomy-guided knowledge of MRI, and MRI
part weighted with anatomy-guided knowledge of PET. To test
the feasibility and validity of the proposed CG prior, we
compared it with separate reconstruction without prior (no
prior), separate total variation (TV) prior, joint total variation
(JTV) prior and linear parallel level sets (LPLS) prior. The
objective functions based on different priors were achieved with
the same quasi-Newton method. The performances of different
reconstruction methods were verified with simulation data of 18FFDG PET and T1-weighted MRI from brain phantom. As the
results indicated, the proposed algorithm substantially reduced
the noise and reconstruction error of both PET and MR images
and achieved sharper and higher resolution images, which
outperformed other state-of-the-art methods. In conclusion, the
proposed CG prior is considerably effective, which can provide a
potential way for dual-modality joint reconstruction.

I. INTRODUCTION
emission tomography (PET) and Magnetic
Positron
resonance imaging (MRI) are powerful in vivo medical

imaging modalities. They can be combined into a hybrid
PET/MR scanner, which can acquire PET and MR data
simultaneously [1]. The acquisition of both dual modalities
results in more accurate match of images, so that PET and MR
images can be fused without image registration and also
Manuscript received December 10, 2018. This work was supported by the
National Natural Science Foundation of China under grants 81501541,
81871437, 61628105, U1501256, 61471188, the National Key Research and
Development Program under grant 2016YFC0104003, the Natural Science
Foundation of Guangdong Province under grants 2016A030313577, the
Program of Pearl River Young Talents of Science and Technology in
Guangzhou under grant 201610010011, the Guangdong Province Universities
and Colleges Pearl River Scholar Funded Scheme (Lijun Lu, 2018). Asterisk
indicates corresponding author.
H. Li (e-mail:lihyleo@163.com), L. Lu* (e-mail:ljlubme@gmail.com), S.
Cao, J. Gong, Q. Feng (e-mail: qianjinfeng08@gmail.com) and W. Chen (email: chenwf@fimmu.com).are with the School of Biomedical Engineering,
Southern Medical University, Guangzhou, Guangdong 510515, China.
A. Rahmim is with the Department of Radiology, Johns Hopkins
University, Baltimore, MD 21287, USA, and the Departments of Radiology
and Physics & Astronomy, University of British Columbia, Vancouver, BC,
Canada (e-mail: arahmim1@jhmi.edu).

provide complementary information based on same
anatomical structure.
Conventionally, separate and independent reconstruction
methods without anatomy-guided information were utilized
for single modality [2, 3]. For one thing, PET images suffers
from noise severely due to the limits of PET detector. Besides,
the MR images from under-sampled data also suffers from
noise and artifacts for reducing time to acquire data. In fact,
the anatomical information can be utilized to improve images.
Anatomy-guided PET reconstruction incorporating high
resolution anatomical information such as MRI is the key
research field [4].
Incorporation of high resolution MRI anatomical
information into independent PET reconstruction has been
extensively reported in the literature [4-8]. It was shown that
these anatomy-guided priors based methods can result in
enhanced PET images and improved quantification. However,
the methods based anatomy-guided prior just were applied to
single-modality reconstruction due to the difficult registration
for multi-modality images from different equipment. They
were not designed in the context of integrated PET-MRI
systems. With the emergence and development of the PETMR system, the concept on PET-MRI joint reconstruction was
recently proposed [9]. Joint reconstruction tries to exploit the
complementary information in simultaneous data acquisition
to improve the quantification accuracy of both modalities.
For PET-MRI joint reconstruction, the joint prior model
based on the anatomical structure similarity is the key to
improve the quality of reconstructed images [9-12]. Ehrhardt
et al. proposed joint reconstruction of PET and MRI using
joint total variation (JTV) and linear parallel level set (LPLS)
priors [9]. They demonstrated that the LPLS prior could
improve quality of the reconstructed images outperforming the
JTV prior. However, due to the severe artifacts in the initial
under-sampled MR images, it could also easily cause cross
artifacts about features between PET and MRI images, which
therefore degrades the reconstructed images.
In order to effectively utilize the anatomical information
based on same anatomical structure to improve images, we
proposed a cross-guided (CG) prior model based on guided
functions [13], which can be incorporated into dual-modality
joint reconstruction of PET and MRI via maximum a posterior
(MAP) modeling. In our work, the proposed prior model was
composed of two parts: PET part weighted with anatomyguided knowledge of MRI, and MRI part weighted with
anatomy-guided knowledge of PET. The anatomy-guided
knowledge was related to the gradient magnitude of images
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and updated within each iteration, for synchronous
reconstruction of PET and MRI images. In this paper, to verify
the validity of the proposed algorithm, we compared the
proposed CG prior with separate reconstruction without prior
(no prior), separate total variation (TV) prior, joint total
variation (JTV) prior and linear parallel level sets (LPLS)
prior. The simulated 18F-FDG PET and T1-weighted MRI data
from brain phantom were utilized to test the algorithms. The
proposed CG prior is an effective way to take full advantage
of anatomy-guided information of both modalities and
improve joint reconstruction images of PET and MRI and
achieve enhancement of quality of dual-modality images.
II. MATERIALS AND METHODS

tradeoff between regularization and data terms. The joint
prior model R ( u , v ) is the key to noise suppression. In order
to reduce the noise and error of reconstruction of both
modalities, the joint prior aimed to attain the goal for both
modalities to guide one another reciprocally and
synchronously. Thus, we propose a novel joint prior
combining anatomy-guided knowledge of both modalities,
namely the cross-guided (CG) prior, given by:
(7)
RCG =  ϕ ( ∇u )ψ ( ∇v ) + ϕ ( ∇v )ψ ( ∇u ),
Ω

where ∇ u and ∇v denote the gradient magnitude of PET
and MR images, respectively. The guided functions of
ϕ ( ∇x ) and ψ ( ∇x ) can be given by:

ϕ ( ∇x ) = e − μ

A. Cross-guided Prior
PET data f can be modeled as independent Poisson
random distribution with expectation f . It can be related to
PET images u through an affine transform:

f ( u ) = Pu,

where
and

n ×n j

P∈R i

ψ ( ∇x ) =
where
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x denotes PET or MR images, ∇ x denotes the

(1)

gradient magnitude of PET or MRI images, and μ x and η x

denotes system matrix with element pij ,

denote the constant parameters of the functions of ϕ ( ∇x )

ni and n j denote the total number of detector pairs and

the number of image voxels, respectively. According to the
measurement model, the negative log-likelihood function of
PET data is given by:
ni

Du =  ( Pu )i − f i log ( Pu )i  ,

and ψ ( ∇x ) , respectively.

To illustrate how the prior encourages smoothness in the
PET and MR images, the Gateaux derivative [15] of the
proposed cross-guided prior model can be identified with

 κ (u , v )∇ u 
D = −div  1
,
 κ 2 (u , v )∇ v 

(2)

i =1

The noise of MR data can be modeled as Gaussian noise,
so the relationship between the undersampled k-space data g
and MR images v is given by:

(9)

where κ1 , κ 2 denote the diffusivity coefficients of the
proposed prior model for both modalities, and are given by:

2


κ1 ( u , v ) = ϕ ' ( ∇u )ψ ( ∇v ) + ϕ ( ∇v )ψ ' ( ∇u )


κ ( u, v ) = ϕ ( ∇u )ψ ' ( ∇v ) + ϕ ' ( ∇v )ψ ( ∇u )
 2


Dv =

where β denote the smoothness coefficient for the stability of
the solution. The diffusion generated by the proposed prior
mainly depends on the diffusivity coefficients κ 1 and κ 2 ,

g = Fv + ε ,

ε ~ N ( 0, σ ) ,
2

(3)

where F denotes the operator for MRI Fourier and undersampling methods, and ε denotes the Gaussian noise of MRI
with variance of σ . The negative log-likelihood function of
MR data can be written as follow:

1
2
Fv − g 2 ,
2

(4)

The joint prior combining PET and MRI modalities can be
modeled to follow a Gibbs distribution [14]:

P ( u, v ) ∝ exp {−α R ( u, v )} ,

where R ( u, v ) is the energy function of PET images

(5)

u and

MR images v , and α denotes regularization parameter.
Combining the negative log-likelihood functions of PET and
MRI and the joint prior function, the objective function for
dual-modality joint reconstruction of PET and MRI based on
Maximum a posterior (MAP) framework is given by:

( uˆ, vˆ ) = arg min {Du + λ Dv + α R ( u, v )} ,

(6)

u ,v∈Ω

where λ denotes constant parameter controlling the size of
MRI data, and the regularization parameter α controlling the

(

(

)
)

1
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∇u + β 2
1

,

(10)
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∇v + β 2

which are different for PET and MRI. Therefore, the proposed
CG prior model was composed of two parts: PET part
weighted with anatomy-guided knowledge of MRI, and MRI
part weighted with anatomy-guided knowledge of PET. The
anatomy-guided knowledge was related to the gradient
magnitude of images and updated within each iteration, for
synchronous reconstruction of PET and MRI images. The joint
diffusivity coefficients can assign appropriate penalty on
smoothing for different regions such as boundaries and nonboundaries by selecting the appropriate weight parameters, so
that they can take full advantages of anatomy-guided
information of both modalities. In addition, the minimization
problem of the objective function incorporating the priors was
achieved with the same quasi-Newton method (L-BFGS-B)

true

where x denotes PET or MR images, and x denotes its
corresponding truth images. The SSIM is given by:

SSIM = l ( x, xtrue )  + c ( x, xtrue )  +  s ( x, xtrue )  , (11)
where k1 , k2 and k3 denote the constant parameters, and l (⋅ ) ,
k2

Fig. 1. Plots of NRMSE of reconstructed PET (left) and MRI (right) brain
images for regularization parameter α using JTV, LPLS and the proposed CG
prior.

In order to provide a more direct visual impression of the
reconstructed images, Fig. 2 showed the joint reconstruction
results of brain PET and MRI obtained by different methods:
no prior, TV, JTV, LPLS, and the proposed CG prior. We can
see that the PET and MR images reconstructed by the
proposed CG prior were sharper and more clearly comparing
with other methods. The smaller reconstruction error of
images can be seen in the last column for the error mappings
of PET and MRI where color of blue and red denote higher
and lower than actual gray value, respectively. The NRMSE
and SSIM of overall images of PET and MR reconstructed
using different methods were shown on Table I and Table II. It
showed the proposed prior can achieve lower reconstruction
NRMSE and higher SSIM for both PET and MR images.
ground truth

structure, respectively.
III. RESULTS
In the experiments, PET and MRI images were jointly
reconstructed using the proposed CG prior and other methods:
separate reconstruction without prior (no prior), separate total
variation (TV) prior, joint total variation (JTV) prior and
linear parallel level sets (LPLS) prior. The regularization
parameter α was optimized for regularization of the joint
prior. Fig. 1 showed the plots of NRMSE of reconstructed
PET and MRI brain images for regularization parameter α
using JTV, LPLS and the proposed CG prior. It was

TV
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LPLS
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0
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k3

c ( ⋅ ) and s ( ⋅ ) denote functions of brightness, contrast and
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C. Evaluation Metrics
To verify the validity of the proposed prior, we compared
the proposed prior with other methods through the normalized
root mean square error (NRMSE) and structural similarity
index measurement (SSIM). The NRMSE is given by:
x − x true
2
(10)
× 100%,
NRMSE =
xtrue
2

PET

MRI

B. Data Sets
A mathematical human brain phantom was utilized for
the purpose of performing realistic brain tomography imaging
[17]. In experiment, we utilized simulation data of 18F-FDG
PET and T1-weighted MRI of a brain phantom (BrainWeb).
There were four lesions on gray matter for PET and one lesion
on white matter for MRI. Taking into account known relative
intensities in clinical 18F-FDG brain study, we created a brain
PET activity distribution with each tissue assigned an activity
value: 12500 Bq ml−1 in GM, 3125 Bq ml−1 in WM, 0 Bq ml−1
in air, CSF and bone and 1000 Bq ml−1 in all other tissues. The
PET activities in the various regions of brain were specified
based on a 2-minute clinical 18F-FDG study. The simulator
forward-projects the image to generate the noise free
projection data. Then the data was scaled and 30 noise
realizations were generated utilizing the Poisson noise on
projections with clinically realistic counts ( 5 × 10 7 ). To model
the poor resolution, PET acquisition was simulated with a
Gaussian kernel of 5 pixels full width at half maximum
(FWHM) for sinogram size of 256 × 192 . The PET image size
is 256 × 256 with a pixel size of 1.219 × 1.219 mm 2 . The
corresponding MR image was generated with a lesion on
white matter. For MRI simulation, 26 dB Gaussian noise was
added to the k-space complex values of undersampled data
with a uniform spiral acquisition with 20 turns (spiralUni20).

demonstrated that the NRMSE of both PET and MRI images
for the proposed prior was smaller than other joint priors with
the appropriate values of regularization parameter.

PET error

[16] to compare the proposed prior and other priors for joint
reconstruction.

≥ 50%

≤ -50%

Fig. 2. The brain phantom images reconstructed by no prior, TV, JTV,
LPLS and proposed prior (CG). (from top to bottom: PET images, MRI
images, PET error mappings, MRI error mappings)
TABLE I. THE NRMSE (%) OF RECONSTRUCTED PET AND MR IMAGES
no prior
TV
JTV
LPLS
Proposed
PET
35.22
33.61
29.65
25.71
23.60
MRI
53.76
23.54
21.75
15.51
7.33
TABLE II. THE SSIM OF RECONSTRUCTED PET AND MR IMAGES
no prior
TV
JTV
LPLS
Proposed
PET
0.8906
0.8956
0.9168
0.9128
0.9451
MRI
0.4023
0.7619
0.8029
0.9244
0.9699

There were four lesions existing on gray matter of PET
images and one lesion existing on white matter of MR images.
Fig. 3 showed that the line profile analysis about intensity or
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Fig. 3. The line profile analysis about intensity or gray level of the lesions
L1~L4 on PET images and L5 on MR images

For a more direct visual impression of lesions, the regional
images of lesions were shown on Fig. 4. Fig. 4 (a) showed the
regional images of lesions existing on the PET images. The
regional PET and MR images reconstructed by the proposed
CG prior were sharper and kept explicit structure. Fig. 4 (b)
showed the regional images of lesions existing on the MR
images. We can see the artifacts of lesion existing on MR
images have transferred to PET images for LPLS prior. It was
demonstrated that the proposed CG prior effectively reduce
noise and artifacts, and lead to sharper images of both PET
and MRI.
TV
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LPLS

PET
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