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Target Audience: MR mathematicians, physicists and engineers, and clinicians who want to deepen their understanding of MRI reconstruction techniques.       
 
Introduction: Sparse reconstruction methods for undersampled data in MRI, such as Compressed Sensing (CS), have been valuable tools to accelerate data acquisition 
while preserving accurate image reconstruction [1]. However, sparse reconstruction methods, including CS, are not easy to apply when there is intra-frame motion. Such 
is the case of free-breathing dynamic MRI in the liver. It is difficult to avoid non-rigid motion artifacts, even more so in volumetric acquisitions. To avoid these kind of 
artifacts, we propose a new reconstruction technique tailored for dynamic liver imaging by estimating the motion between frames to correct inconsistencies in k-space 
data [2]. In this work, the proposed method addresses an increase in imaging efficiency for free-breathing dynamic 3D liver MRI. In in-vivo simulations, our approach 
produced results that demonstrate it is feasible to achieve a 10x speedup in acquisition time and remove motion artifacts without diminishing image quality. The 
proposed method produced gains up to 3 dB with respect of traditional CS framework.            
 
Theory: In traditional dynamic MRI, acquisition techniques sample data according to a regular breathing position to 
avoid motion artifacts (Fig.1(a)). Instead, we will consider sampling through different breathing positions, i.e. the 
acquired data in a respiratory cycle of T possible motion states delivers a collection of T images (Fig.1(b)). Let us 
define ∈  as the underlying vector form of the three-dimensional complex-valued ideal series of MR images at 
discrete times t ∈ 	 1,… , , ∈  (with ≪ ) as the vector form of the k-space undersampled noisy 
measurements of , and ∈  as the corresponding acquisition noise. To facilitate notation, let ∈ denote 
the vector form of ∈  at all discrete times t ∈ 	 1, … , . This imaging procedure from a reference frame  
can be written as , where  is a motion operator that warps the pixels from the reference image  
to the positions at all possible times,  is the 3D Fourier transform operator that transforms independently each image 
to k-space, and  is the sampling operator that randomly undersamples the k-space data from each frame. Fig.2 
illustrates the proposed free-breathing dynamic 3D liver MRI reconstruction framework: 
 
(1) From the acquired undersampled motion corrupted samples, the mean of the data is subtracted, i.e. ̅ , ∀t ∈ 	 1,… , . A CS recovery is performed to the residual, independently for each of the T motion states:                 arg	min | 	 | ℓ ‖ ‖ℓ . The estimation of each image is ̅ , ∀t ∈ 	 1, … , .               

(2) We select a reference image , usually chosen at end expiration where the liver is moving less. The T images 
are registered to compute the motion vectors: arg	min , ‖ ‖ℓ , ∀t ∈ 	 1, … , .                                  
(3) The undersampled motion corrupted k-space acquisitions and the motion vectors are used to perform a Motion-

corrected CS reconstruction to recover a 3D liver image: arg	min 	– 	 ℓ ℓ .          

Remarks: , ,  are regularization parameters; ,  a similarity measure; and ,  are sparsifying operators. 
 
Methods: At 1.5T, we performed a conventional breath-held 3D T1-W FFE sequence with fully sampled cartesian 
trajectory in the liver of a young healthy volunteer (female) to generate the in-vivo simulations dataset. During 
acquisition, we simulated 5 different motion states in one respiratory cycle. For liver imaging, a four-element body 
coil was used, and the measurements were obtained with the following parameters: TR = 4.1 ms, TE = 2.0 ms, FOV = 
275×225×160 mm3, flip angle = 10o, 16 dynamic scans, spatial resolution = 1.0 mm isotropic. Undersampled k-space 
data was obtained by multiplying the breath-held fully sampled measurements from each coil with the sampling 
pattern. The sampling pattern is different for each frame, and it is generated using a Monte Carlo algorithm with 
minimum peak interference according to a particular acceleration factor (R = N/P) [1].  Simulations were performed 
at various R. To apply the proposed technique, we previously constructed the motion operator  using motion vectors 
( ) between frames.  aligns all T frames to , and VH warps  to all T frames.  
 
Results:  The proposed technique was tested on the simulations dataset with breath-held 3D liver MRI data. In our 
experiments we downsampled the data according to acceleration factors ∈ 	 4, … ,20 . Fig.3 presents the signal-to-
error ratio (SER) as function of R. Reconstructions obtained with the proposed motion corrected CS technique 
(MCCS) reported more accurate results, with SER gains up to 3 dB compared to traditional CS. In Fig.4(a), the 
coronal plane of the fully sampled image is illustrated. Fig.4(b) and Fig.4(c) present CS and MCCS reconstructions 
respectively (R = 10). Preservation of sharp edges can be observed in Fig.4(c).              
 
Conclusion: We have presented a recovery algorithm tailored for free-breathing dynamic 3D liver MRI, which 
demonstrates an increase in imaging efficiency while reducing acquisition time and removing non-rigid motion 
artifacts. The technique does not sacrifice image quality. In the in-vivo simulations dataset, our framework produced 
improved SER in comparison with the ground truth, and demonstrated that it is feasible to achieve a 10x speedup in 
acquisition time and remove motion artifacts without diminishing image quality. 
 
References: [1] Lustig M et al., MRM 2007;58(6):1182-1195 [2] Usman M et al., MRM 2013;70(2):504-516 
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Fig.1: (a) Traditional acquisition, (b) proposed. 
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Fig.2: Block diagram of the proposed technique. 

4 6 8 10 12 14 16 18 20
13

14

15

16

17

18

19

20

R

S
E

R
 [d

B
]

 

 

MCCS
CS

Fig. 3: Reconstruction signal-to-error ratio. 
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Fig. 4: Reconstruction results at R = 10. Coronal view, (a) ground truth fully samped image, (b) traditional CS framework, and (c) proposed MCCS technique. Proc. Intl. Soc. Mag. Reson. Med. 22 (2014) 1548.


