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A B S T R A C T

Liver dynamic contrast-enhanced MRI (DCE-MRI) requires high spatiotemporal resolution and large field of view
to clearly visualize all relevant enhancement phases and detect early-stage liver lesions. The low-rank plus sparse
(L+ S) reconstruction outperforms standard sparsity-only-based reconstruction through separation of low-rank
background component (L) and sparse dynamic components (S). However, the L+ S decomposition is sensitive
to respiratory motion so that image quality is compromised when breathing occurs during long time data ac-
quisition. To enable high quality reconstruction for free-breathing liver 4D DCE-MRI, this paper presents a novel
method called SMC-LS, which incorporates Sliding Motion Compensation into the standard L+ S reconstruction.
The global superior-inferior displacement of the internal abdominal organs is inferred directly from the un-
dersampled raw data and then used to correct the breathing induced sliding motion which is the dominant
component of respiratory motion. With sliding motion compensation, the reconstructed temporal frames are
roughly registered before applying the standard L+ S decomposition. The proposed method has been validated
using free-breathing liver 4D MRI phantom data, free-breathing liver 4D DCE-MRI phantom data, and in vivo
free breathing liver 4D MRI dataset. Results demonstrated that SMC-LS reconstruction can effectively reduce
motion blurring artefacts and preserve both spatial structures and temporal variations at a sub-second temporal
frame rate for free-breathing whole-liver 4D DCE-MRI.

1. Introduction

Liver dynamic contrast-enhanced MRI (DCE-MRI) can not only
provide morphological information of liver lesions, but also visualize
micro-circulation changes in blood supply, both of which are crucial to
the accurate diagnosis of liver diseases in early stage. For successful
application of liver DCE-MRI in clinical diagnosis, high spatial resolu-
tion with large coverage is required to detect small lesions inside the
whole liver, and high temporal resolution with long scan time is also
required to accurately track contrast enhancement patterns [1].

High spatiotemporal whole-liver 4D DCE-MRI remains an open
problem, of which the major technical difficulty is fast imaging. A lot of
research on fast MRI has been reported in the literature. Parallel ima-
ging techniques using arrays of receiver coils with spatially varying
sensitivities were firstly proposed for fast imaging, e.g. SMASH [2],
SENSE [3], and GRAPPA [4]. Spatiotemporal correlations were
exploited in addition to speed up imaging, e.g. k-t BLAST [5], k-t SENSE

[6], and k-t GRAPPA [7]. Efficient acquisition schemes, such as radial
sampling [8] and spiral sampling [9], have been introduced to further
accelerate parallel imaging.

Compressed sensing theory-based image reconstruction has been
the main driving force for dynamic MRI in the last decade. Various
techniques have been explored for high quality image reconstruction
using vastly undersampled raw data by exploiting the sparsity of MR
signal in image domain or in some transform domains [10–16]. Re-
cently, in addition to sparsity, low rank features have been exploited to
improve dynamic MRI reconstruction [17–20]. Among them, the low-
rank plus sparse (L+ S) matrix decomposition [19] model was in-
troduced to reconstruct undersampled dynamic MRI as a superposition
of low-rank background component and sparse dynamic component.
Compared to standard sparsity-only-based reconstruction methods, the
L+ S decomposition model increased the compressibility of dynamic
MRI data and thus enabled high spatiotemporal reconstruction with
high acceleration factors [19]. Recently, Ravishankar et al. proposed a
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low-rank and adaptive sparse signal model (LASSI) [20] for highly ac-
celerated dynamic imaging where the sparse component is divided into
overlapping spatiotemporal 3D patches, which are sparsely encoded
with adaptively learned dictionary. Numerical experiments demon-
strated the promising performance of LASSI in dynamic MRI re-
construction compared to the conventional dictionary-blind com-
pressed sensing and L+ S reconstruction methods.

However, all the reconstruction methods mentioned above, in-
cluding the standard L+ S reconstruction [19] and LASSI reconstruc-
tion [20], are sensitive to respiratory motion, which causes spatial
misalignment among temporal frames and consequently breaks down
spatiotemporal correlations. Image reconstruction quality is compro-
mised by ghosting artefacts when breathing occurs during long time
data acquisition [21,22]. Multiple breath-holds protocol [23,24] has
been widely used for the reduction of respiratory motion artefacts.
Nevertheless, breath-holding capability is generally compromised for
patients, elderly people, and young children. Moreover, breath-holding
position often drifts between successive breath-holds. Therefore, image
reconstruction has to be carried out for each breath-hold period sepa-
rately which lowers the utilization of temporal correlation.

In contrast to multiple breath-holds, free breathing [25] is an ideal,
easy to follow protocol which allows the subject to breathe quietly and
uninterruptedly in a natural way. Various approaches have been in-
vestigated for free breathing 4D MRI reconstruction, but most of them
are on cardiac imaging [26–31]. However, we found in practice that
those reconstruction methods developed for free-breathing cardiac 4D
MRI did not work well for free-breathing liver 4D MRI. The main cause
is probably that the systolic and diastolic cardiac motion is small and
rhythmic, and the maximal displacement of the heart due to breathing
is about 8mm [32], whereas the maximal range of respiratory sliding
motion of the liver in extreme cases could reach 80mm [33].

Fortunately, the standard L+ S decomposition model is still capable
to achieve high spatiotemporal 4D MRI reconstruction with acceptable
quality when the motion magnitude is small, typically in cardiac ima-
ging [19]. To cope with respiratory motion in free-breathing abdominal
imaging, Otazo et al. attempted to incorporate an optical flow-based
deformable model into the L+ S formulation to align all the temporal
frames iteratively during image reconstruction [34]. At each iteration,
low rank and sparsity are enforced on the registered version of L and S
components, data consistency is enforced on the unregistered image
reconstructions, and motion vectors are updated along with image
updates. However, the convergence of iterative alternating optimiza-
tion of image reconstruction and motion field estimation is not guar-
anteed.

Recently, Zhang et al. [35] proposed a soft-gating approach to re-
duce respiratory motion blurring artefacts by incorporating a motion-
weighting function obtained from acquired raw data into the data
consistency term to enforce a weighted data consistency. Those data
points with more motion are assigned with smaller data consistency
weighting. Feng et al. [36] proposed a novel framework for free-
breathing 4D MRI called XD-GRASP, which sorts the raw data into extra
respiratory motion state dimensions using the self-navigation properties
of radial sampling, and then reconstructs a composite image for each
motion state separately using compressed sensing. Ghosting artefacts
could be effectively reduced in each composite image but at the expense
of reduced temporal resolution to ~13 s [36].

To enable free-breathing whole-liver 4D DCE-MRI reconstruction
with high spatiotemporal resolution and high quality, this paper pre-
sents a novel method called SMC-LS, which incorporates respiratory
Sliding Motion Compensation into the standard L+ S reconstruction. In
abdominal imaging, respiration results in a dominant superior-inferior
sliding motion of the internal organs – such as the liver – against the
inward-outward moving abdominal wall and the stationary spine [33].
In contrast to using a complicated non-rigid motion model [34], we
only correct the respiratory motion of the internal abdominal organs
with a global superior-inferior displacement, which is inferred directly

from the acquired k-space data. The rationale of SMC-LS is based on the
assumption that after compensation of the dominant sliding motion, the
reconstructed temporal frames can be roughly registered, and therefore
the spatiotemporal correlations can be well recovered for successful
application of the standard L+ S decomposition. The validation of the
proposed method is demonstrated using free breathing liver 4D MRI
phantom data and in vivo data with comparisons to the standard L+ S
reconstruction and XD-GRASP.

2. Theory

2.1. Standard L+ S reconstruction model

The L+ S approach aims to decompose a matrix M to a low-rank
component L and a sparse component S by solving the following convex
optimization problem [37]:

+ = +∗ λL S M L Smin ‖ ‖ ‖ ‖ s. t.
L,S

1 (1)

where ‖L‖∗ is the nuclear norm of matrix L, ‖S‖1 is the l1 norm of matrix
S, and λ is a tuning parameter used to balance the contribution between
L and S. Otazo et al. firstly introduced the L+ S decomposition model
into DCE-MRI reconstruction by formulating the reconstruction as the
following optimizing problem [19]:
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where L+ S is a spatiotemporal matrix in which each column vector
corresponds to a temporal image frame reconstruction, T is a sparsi-
fying transform (e.g. Fourier transform (FT), total variation, etc.), d is
the acquired raw data defined as a stretched-out single column vector,
and E is given by the frame-by-frame multi-coil encoding operator,
which performs a multiplication by coil sensitivities followed by an
undersampled FT for data acquisition with multiple receiver coils, and
λL, λS are corresponding regularization parameters. Hence the re-
constructed images are represented as a superposition of low-rank
background (L) and dynamic components (S).

2.2. Respiratory sliding motion estimation

In natural free breathing, the internal abdominal organs undergo a
superior-inferior sliding motion plus free form deformation, while the
abdominal wall moves a little bit in-wards and out-wards, and the back
bone remains stationary. The respiratory motion filed in abdominal
imaging is very complicated, but fortunately in natural free breathing
the one dimensional superior-inferior sliding motion constitutes the
dominant component, whereas the magnitude of the residue motion is
small. Therefore, in this work we propose to use a simplified respiratory
motion model, which only estimates a scalar value – the global dis-
placement of superior-inferior sliding motion – from the acquired raw
data.

According to the definition of 2D DFT, the k-space origin data of an
axial slice, which represents the zero frequency or direct current (DC)
component, is proportional to the mean intensity of the slice. The k-
space origin data of all axial slices of one temporal frame form a pro-
jection of the volume onto the z (superior-inferior) axis. The global
displacement of these axial slices can be derived as the center of mass of
this z-intensity projection profile [25].

However, only the internal organs are sliding. To exclude the ex-
ternal regions from sliding motion, we extract a motion mask by
manually segment the sliding interface in a composite image using ITK-
SNAP [38]. The composite image is a sliding window reconstruction
using all the acquired k-space data. This over-sampled composite image
is blurry in the internal regions due to large motion but is sharp in the
external motionless regions, which is sufficient for manual segmenta-
tion of the sliding motion mask.
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We assume that the external part outside of the sliding interface
keeps nearly static during free-breathing liver DCE-MRI acquisition and
the corresponding area in the composite image is a good estimate for
this part. The k-space origin data of the internal part of each axial slice
is calculated by subtracting the zero frequency of the external part of
the composite image from the acquired k-space origin data of that slice.
The result k-space origin data of all axial slices of the same temporal
frame form a z-intensity projection profile (ZIP) of the internal sliding
part. The global displacement of sliding motion is estimated by ap-
plying a group-wise rigid registration to the ZIP sequence using Demons
[39]. The ZIP of the first frame is set as the reference in group regis-
tration, and only one motion parameter – the global superior-inferior
displacement – is estimated.

For parallel imaging using multiple coils, the global displacement of
respiratory sliding motion is estimated separately for each coil using the
above method. Then the results are combined using the coil clustering
method proposed in [40] to determine the dominant motion. In DCE-
MRI, the temporal variation of the ZIP sequence results from not only
the sliding motion but also the contrast enhancement. In this work, the
contrast enhancement is separated from the respiratory sliding motion
by subtracting its envelope, which is estimated using a spline data fit-
ting procedure [36].

2.3. SMC-LS reconstruction

In SMC-LS, free-breathing liver 4D DCE-MRI reconstruction is for-
mulated as the following optimization problem:
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where the first part exploits low rank and sparsity of the reconstructed
volumetric images, and the second part enforces data consistency. n is
the number of axial slices, Li is the low-rank component and Si is the
sparse component of the spatiotemporal matrix of axial slice i in the
reconstructed 4D image after inter-frame sliding motion compensation,
T is the total variation operator which enforces sparsity, λL and λS are
regularization parameters. E denotes the k-space data acquisition op-
erator, which performs a multiplication by multi-channel coil sensi-
tivities followed by an undersampled Fourier transform, and D denotes
the acquired multi-coil raw data. Ri is an operator that assembles the
superposition of Li and Si back into the registered 4D image. τ is an
image transformation operator that models respiratory sliding motion,
which globally shifts the internal abdominal organs in superior-inferior
direction frame by frame using the estimated displacement signal, while
the external region outside of the sliding interface keeps static. The
same sliding motion mask, which was manually annotated in sliding
motion estimation, is reused in motion transformation τ for all the
temporal frames. By introducing sliding motion compensation into the
standard L+ S model, the low-rank and sparsity constraints in SMC-LS
are enforced on a roughly registered version of the reconstructed 4D
image with recovered spatiotemporal correlations.

To solve Eq. (3), consider the following optimization problem:

+g x h xmin ( ) ( )
x (4)

where g(x) is convex and smooth, and h(x) is convex but not necessarily
smooth. The proximal gradient method takes the form:

= − ∇− −x prox x t g x( ( ))k h k k k1 1 (5)

where tk is a sequence of step sizes and proxh is the proximity function
for h(x). The proximity function is soft thresholding of the singular
values when h(x) is the nuclear norm or is given by soft thresholding of
coefficients when h(x) is l1 norm.

In our work, Li and Si in Eq. (3) are optimized iteratively as follows:
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For the simplicity in computation and representation, an ancillary
variable Mi is introduced:

∑= + −
⎛

⎝
⎜ + −

⎞

⎠
⎟

− − − ∗ ∗ ∗

=

− −t τ τM L S R E E R L S D( ( )) .i
k

i
k

i
k k

i
j

n

j
k

j
k

j
1 1 1

1

1 1

(7)

Hence the iteration functions in Eq. (6) can be rewrote as
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Finally, the sliding motion compensated 4D image is assembled as
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3. Methods

The feasibility of SMC-LS has been validated using four different
datasets: retrospectively undersampled liver 4D MRI phantom data with
simulated free breathing, breath-hold and free-breathing liver 4D DCE-
MRI phantom data, and in vivo free-breathing liver 4D MRI dataset.
This study was institutional review board (IRB) approved and HIPAA
compliant. Totally 11 healthy volunteers (6 males and 5 females,
20–30 years old) were imaged after obtaining informed consent. All the
in vivo data were acquired using a 1.5 T scanner, 8-channel cardiac coil,
multiphase spiral LAVA sequence with a 3D fast spoiled gradient echo
stack of 48 golden angle variable density 2D spiral leaves per fully
sampled volume [12,15]. For a fully sampled kx− ky axial plane using
48 spiral leaves, the k-space was oversampled two-fold in the center
(origin), whereas undersampled by a factor of 0.7 at the edge. 2D spiral
leaves of the same angle were acquired consecutively and Cartesian
encoded in kz direction.

3.1. Simulation of respiratory sliding motion

To simulate abdominal organ motion in free-breathing digital
phantom, we used a mathematical model proposed by Lujan et al
[41,42] to generate periodic one dimensional sliding motion as follows:

= + ⋅ ⎛
⎝

− ⎞
⎠

x t x A πt
T

ϕ( ) cos n
0

2
0 (9)

where x(t) is the position of an abdominal organ – such as the liver – at
time t, A is the extent (amplitude) of the motion, T is the period of
breathing cycle, n is a parameter determining the general shape of the
model, and x0, ϕ0 are the starting position and the starting phase re-
spectively. In our experiments, n was set to 2, T was set to 3.6 s. Since
only the displacement of organ position was needed in our work, both
x0 and ϕ0 were set to 0.

3.2. Liver 4D MRI phantom data with simulated free breathing

A fully sampled volume was acquired from a healthy volunteer with
voxel size 1.33×1.33×4mm3, and matrix size 256×256×50. No
contrast agent was used in this study, and the subject was instructed to
hold breath at the end of natural inhalation before the starting of data
acquisition. A static volumetric image was reconstructed using non-
uniform IFFT of the fully sampled data. A sliding motion mask for the
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static image was manually annotated using ITK-SNAP [38]. Then an
animation of free-breathing volumes was created by applying the
sliding motion generated by Eq. (9) to the abdominal organs inside the
sliding interface. Totally 288 dynamic volumes, equivalent to 6 full
sampling phases, were created for this digital phantom. Multi-coil spiral
LAVA data were generated using the E operator in Eq. (3), which per-
forms a multiplication by multi-channel coil sensitivities followed by an
undersampled Fourier transform with golden angle spiral trajectories.

To evaluate the accuracy of sliding motion estimation, which is
presented in Section 2.2, we created 5 digital phantoms with different
amplitude of sliding motion, ranging from 4 to 20mm, at a fixed step of
4mm. To investigate the impact of motion estimation accuracy on
image reconstruction quality, we compared the results of three different
methods: the standard L+ S reconstruction, SMC-LS with estimated
sliding motion, SMC-LS with ground truth sliding motion. The PSNR
was calculated as an objective metric for the evaluation of image re-
construction quality. Subjective assessment of reconstructed images
was also performed by visually comparing with the ground truth images
in different cross sections.

As a tradeoff between temporal resolution and quality resolution in
both the standard L+ S and SMC-LS reconstruction, one volume was
reconstructed for every two 3D stacks of consecutive angled spiral
leaves, leading to 144 reconstructed temporal frames. Correspondingly,
the estimated sliding motion displacement signal was downsampled by
a factor of 2. Other parameters were empirically determined and fixed
in all experiments: λL=0.01, λS=0.2, iteration number= 100.

3.3. Breath-hold and free-breathing liver 4D DCE-MRI phantom data

In vivo DCE-MRI data were acquired from another healthy volun-
teer with voxel size 1.48×1.48×5mm3, and matrix size
256×256×36. Gadopentetate dimeglumine (Gd-DTPA, Magnevist,
Bayer HealthCare) was injected at a dose based on the subject's weight.
The subject was instructed to hold breath at the end of natural in-
halation as long as possible up to a total scan time of 50 s. Totally 4 full
sampling phases, equivalent to 192 3D stacks of golden angle spiral
leaves, were acquired.

A digital phantom for free-breathing liver 4D DCE-MRI was created
as follows.

(1) 192 volumetric images were reconstructed using the standard L+ S
method with each volume for every 3D stack of spiral leaves.

(2) A composite volumetric image was reconstructed using non-uni-
form IFFT of all the acquired k-space data.

(3) A sliding motion mask was manually annotated in the composite
image using ITK-SNAP [38].

(4) An animation of free-breathing volumes was created by adding
masked sliding motion generated by Eq. (9) to the reconstructed
breath-hold images using the sliding motion mask.

(5) Multi-coil spiral LAVA data were generated from the free-breathing
volumes using the E operator in Eq. (3), which performs a multi-
plication by multi-channel coil sensitivities followed by an under-
sampled Fourier transform with golden angle spiral trajectories.

To quantitatively compare the reconstruction performance of the
standard L+ S and LASSI on motion-free liver 4D DCE-MRI data, a
breath-hold digital phantom dataset was generated in a similar way but
just with step 1 and 5 (skipping other steps). In both L+ S and LASSI
reconstruction, one volume was reconstructed for every two 3D stacks
of consecutive angled spiral leaves, leading to 96 reconstructed tem-
poral frames. Other parameters were empirically determined to obtain
best overall subjective reconstruction quality and fixed in the following
experiments. For the standard L+ S reconstruction, the parameter
setting was: λL=0.01, λS=0.2, and iteration number= 100. For
LASSI reconstruction, the parameter setting was: λL=600, λS=0.025,
λB=6, and iteration number= 100.

For free-breathing liver 4D DCE-MRI phantom data, reconstruction
experiments were carried out using SMC-LS, the standard L+ S, LASSI
and XD-GRASP. The parameter setting for SMC-LS was the same as the
standard L+ S. For XD-GRASP reconstruction, two settings were used:
(1) 4 respiratory states by 4 DCE states, totally 16 states; and (2) 6
respiratory states by 6 DCE states, totally 36 states.

3.4. In vivo free-breathing liver 4D MRI data

In vivo free-breathing liver 4D MRI data were acquired from 10
healthy volunteers (5 males and 5 females), including the one scanned
for the creation of liver 4D MRI phantom data. No contrast agent was
used in this study, and the subjects were instructed to keep natural free
breathing. Totally 6 full sampling phases, equivalent to 288 3D stacks of
golden angle spiral leaves, were acquired from each volunteer. The field
of view was tuned for each individual so that it covered the whole liver
during free breathing. Other parameters were: matrix size
256×256×48–53, slice thickness 4mm, and in plane resolution 1.34
to 1.56mm.

Reconstruction experiments were carried out on this in vivo free-
breathing liver 4D MRI data using SMC-LS and the standard L+ S. One
volume was reconstructed for every two 3D stacks of consecutive an-
gled spiral leaves, leading to 144 reconstructed temporal frames for
each subject. Other parameters were empirically determined and fixed
in all experiments: λL=0.01, λS=0.2, iteration number= 100.

4. Results

4.1. Free-breathing liver 4D MRI phantom data

For quantitative evaluation of the sliding motion estimation method
in SMC-LS, the Liver 4D MRI phantom data without contrast enhance-
ment but with different depth of simulated free breathing were used.
Fig. 1(a) shows a comparison between the estimated global displace-
ment of sliding motion and the ground truth generated by Eq. (9) when
A=12 mm. The two motion signals are strongly correlated as they
have similar periodic waveforms. But the estimated maximal range
(~10mm) was smaller than the ground truth. As shown in Fig. 1(b), the
maximal range estimate increases almost linearly with increasing A but
with a smaller slope.

Fig. 2 compares the PSNR of images reconstructed by the standard
L+ S and SMC-LS on this liver 4D MRI phantom data with different
depth of simulated free breathing. SMC-LS achieved ~3 dB PSNR gain
than the standard L+ S reconstruction in each case. The improvement
of image reconstruction quality could be attributed to the integration of
sliding motion compensation into SMC-LS. Additional PSNR gain was
observed when ground truth sliding motion was directly used in SMC-
LS.

Fig. 3 visually compares the images reconstructed by the standard
L+ S and SMC-LS with corresponding ground truth images of the
phantom in an example axial section and an example coronal section
with zoomed-in ROIs. Compared to the standard L+ S reconstruction,
motion blurring artefacts are greatly reduced and image details are well
preserved in SMC-LS reconstruction.

4.2. Breath-hold and free-breathing liver 4D DCE-MRI phantom data

Fig. 4 compares image slices reconstructed by the standard L+ S
and LASSI in an example axial section using the spiral sampled breath-
hold liver 4D DCE-MRI phantom dataset. As seen from the residue
images, LASSI obtained substantially lower reconstruction error than
the standard L+ S, with reference to the ground truth phantom images.
In this experiment, the PSNR of LASSI reconstruction was 34.5 dB
whereas the PSNR of standard L+ S reconstruction was 31.3 dB.

Fig. 5 shows a visual comparison of the images reconstructed by the
standard L+ S, LASSI and SMC-LS with corresponding ground truth
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images of the free-breathing liver 4D DCE-MRI phantom in an example
axial section and an example coronal section with zoomed-in ROIs.
Compared to both the standard L+ S and LASSI reconstruction, motion
blurring artefacts are significantly reduced and spatial structures are
well preserved in SMC-LS reconstruction. More importantly, contrast
enhancement patterns are tracked more accurately in SMC-LS, as
pointed out by the white arrows in the coronal view.

Fig. 6 visually compares the DCE images reconstructed by SMC-LS
and XD-GRASP with different number of states. Using SMC-LS, 96 vo-
lumetric images were reconstructed, each of which corresponds to two
consecutive 3D stacks of spirals, at a temporal resolution of ~0.6 s.
When the k-space data were sorted into 4 DCE states by 4 motion states,
XD-GRASP achieved similar image reconstruction quality as SMC-LS,
but at the expense of much lower temporal resolution of ~3.6 s. When
the temporal resolution was increased to 6 DCE states by 6 motion
states, which was still lower than that of SMC-LS, the image re-
construction quality of XD-GRASP deteriorated seriously. As shown by

the x-t profiles, SMC-LS reconstruction captured the temporal variations
more clearly than XD-GRASP.

4.3. In vivo free-breathing liver 4D MRI dataset

SMC-LS and the standard L+ S reconstruction were performed on
in vivo free-breathing liver 4D MRI data acquired from 10 healthy
volunteers. 144 temporal frames were reconstructed for each subject by
each method. Fig. 7(a) compares reconstructed images of an example
axial section and x-t profiles of a single line in case 1, and Fig. 7(b)
shows the global displacement of sliding motion estimated by SMC-LS.
Fig. 8 presents subjective comparisons in other six cases. Compared to
the standard L+ S reconstruction, motion blurring artefacts are effec-
tively reduced and spatial structures are well preserved in SMC-LS re-
construction. The x-t profiles of the standard L+ S and SMC-LS re-
construction both exhibit similar periodic variations as the estimated
sliding motion, but SMC-LS reconstruction captured temporal varia-
tions more clearly, as pointed out by the white arrows.

5. Discussion

5.1. Respiratory motion model

Respiratory motion poses a lot of challenges on abdominal dynamic
MRI reconstruction. An optical flow-based nonrigid motion model has
been attempted in [34] to extend the standard L+ S reconstruction for
free-breathing dynamic MRI, where the motion field and image re-
construction are optimized alternately in iterations. However, the
convergence of this alternating optimization is not guaranteed. In this
paper, respiratory motion is simplified to its dominant component –
global sliding of the internal abdominal organs. An important ad-
vantage is that the global displacement of sliding motion can be in-
ferred directly from the acquired raw data. Therefore, image re-
construction iterations are decoupled from the complication of nonrigid
motion estimation. As validated in this work, with global sliding motion
compensation, motion blurring artefacts are significantly reduced in
SMC-LS reconstruction. This improvement could be attributed to the
recovery of inter-frame spatiotemporal correlations after sliding motion
compensation.

Nevertheless, it is not trivial to infer an accurate respiratory motion
signal directly from multi-coil raw data. As shown in Fig. 2, there is still
space to improve image reconstruction quality in SMC-LS if we could
further improve the accuracy of sliding motion estimation. On the other
hand, as shown by the solid line in Fig. 2, even the ground truth

Fig. 1. Performance evaluation of the sliding motion estimation scheme used in SMC-LS on the spiral sampled free-breathing liver 4D MRI phantom dataset: (a)
Estimated global displacement of sliding motion versus the ground truth when the maximal range was set to 12mm, and (b) Estimated maximal range of sliding
motion when the ground truth was set to 4–20mm at a step of 4mm. As shown in (a) and (b), the global displacement estimate has almost the same periodic
waveform as the ground truth, but the maximal range is smaller than the ground truth, and the estimation error increases with increasing sliding motion range.

Fig. 2. Comparison of image reconstruction quality in terms of PSNR on the
spiral sampled free-breathing liver 4D MRI phantom dataset with different
maximal sliding motion ranges, from 4 to 20mm at a step of 4mm. The PSNR of
the standard L+ S without motion correction (indicated by the dash-dot line)
decreased with increasing sliding motion range. The proposed SMC-LS re-
construction with estimated sliding motion (indicated by the dotted line)
achieved ~3 dB PSNR gain in each case. Additional PSNR gain was observed
when ground truth sliding motion was used in SMC-LS reconstruction (in-
dicated by the solid line).
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Fig. 3. Comparison of a ground truth image (left), its standard L+ S reconstruction (middle) and SMC-LS reconstruction (right) in an example axial section (top) and
an example coronal section (bottom) with zoomed-in ROIs on the spiral sampled free-breathing liver 4D MRI phantom dataset. One volumetric image was re-
constructed for every two consecutive 3D stacks of spirals at a temporal resolution of ~0.6 s. Comparing SMC-LS with the standard L+ S reconstruction, motion
blurring artefacts were significantly reduced, and spatial structures were well preserved.

Fig. 4. Comparison of images reconstructed by standard L+ S and LASSI in an example axial section using the spiral sampled breath-hold liver 4D DCE-MRI phantom
dataset: (a) the top row and (b) the bottom row correspond to two different time points. One volumetric image was reconstructed for every two consecutive 3D stacks
of spirals at a temporal resolution of ~0.6 s. It can be seen that LASSI reconstruction is a bit smoother with reduced noise/error compared to standard L+ S
reconstruction. In this experiment, the PSNR of LASSI reconstruction (34.5 dB) outperformed that of standard L+ S reconstruction (31.3 dB).
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displacement is used in sliding motion compensation, image re-
construction quality decreases with increasing motion range. This is
probably due to the imperfect segmentation of the sliding motion mask
and the error introduced by motion transformation τ in case of large
displacement. Fortunately, when the maximal rang of sliding motion is
moderate, which is common in natural free breathing, quality loss is
small.

In fact, the respiratory motion of abdominal inner organs is more
complicated than the oversimplified global sliding motion model, as
presented in liver MR registration [43]. Besides the constraints on the
maximal range of sliding motion, there are two other limitations for
successful application of the proposed SMC-LS reconstruction to clinical
liver DCE-MRI exams. First, the subject has to keep quiet breathing in
order to minimize the in-outward motion of the abdominal wall during
data acquisition so that a static sliding motion mask could be used
throughout the image sequence reconstruction. Second, the imaging
coordinate system should be setup properly such that the breathing
induced sliding motion is majorly along one dimension. Otherwise the
image quality of SMC-LS reconstruction would be compromised when
these constraints are not satisfied in real exams.

In addition, the proposed global sliding motion compensation
technique could be potentially extended to other applications, e.g. ab-
dominal image registration. The respiratory sliding motion of abdom-
inal internal organs violates the conventional homogeneous smoothness
regularization and commonly makes the registration accuracy com-
promised [43]. By applying prior sliding motion compensation, the
motion discontinuity between the image pair would be greatly reduced
so that conventional nonrigid registration with homogeneous smooth-
ness regularization could be used for abdominal image registration. We
will investigate this further in our future study.

5.2. Comparison with state-of-the-art

In natural free breathing, respiratory motion is nearly periodic. As
compared in Figs. 7 and 8, both the standard L+ S reconstruction and
SMC-LS reconstruction could capture similar periodic temporal varia-
tions in free-breathing liver 4D dynamic MRI without contrast en-
hancement. In fact, the standard L+ S reconstruction works well when
the motion magnitude is small enough, e.g. in cardiac imaging. How-
ever, for larger motion as in free breathing, the images reconstructed by
the standard L+ S method are blurry and the motion captured is
smaller than the ground truth. After global sliding motion compensa-
tion for the internal abdominal organs, the residue motion is small
enough to use the standard L+ S reconstruction to obtain satisfactory
results.

For DCE-MRI, highly temporal resolved contrast enhancement
tracking is essential for clinical diagnosis. In XD-GRASP, image re-
construction quality deteriorates when the acquired k-space data are
distributed into more states, because less data in each state leads to
more undersampling artefacts. When less states are used in XD-GRASP,
motion dynamics and contrast enhancement pattern are smoothed by
lower temporal resolution. Therefore, a delicate determination of state
number is required in XD-GRASP reconstruction to optimize image
quality. As shown in Fig. 6, SMC-LS outperforms XD-GRASP with sub-
second temporal resolution while maintaining a good image quality.

As evaluated in Section 4.2, LASSI reconstruction [20] out-
performed the standard L+ S reconstruction [19] in breath-hold liver
4D DCE-MRI (Fig. 4). This could be attributed to the introduction of an
adaptive sparse signal model based on dictionary learning. However,
the image quality of LASSI reconstruction is still compromised for free-
breathing data (Fig. 5) due to lack of explicit respiratory motion

Fig. 5. Comparison of a ground truth image (1st column), its standard L+ S reconstruction (2nd column), LASSI reconstruction (3rd column) and SMC-LS re-
construction (4th column) in an example axial section (top) and an example coronal section (bottom) with zoomed-in ROIs on the spiral sampled free-breathing liver
4D DCE-MRI phantom dataset. One volumetric image was reconstructed for every two consecutive 3D stacks of spirals at a temporal resolution of ~0.6 s. Comparing
SMC-LS with both the standard L+ S reconstruction and LASSI reconstruction, motion blurring artefacts were significantly reduced, spatial structures were well
preserved, and contrast enhancement patterns were tracked more accurately (see white arrows in the coronal view).
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Fig. 6. Comparison of the temporal profiles (bottom) in a single cross-section indicated by the dashed lines in an example axial section (top) reconstructed by (a) XD-
GRASP with 6 DCE states by 6 motion states, (b) XD-GRASP with 4 DCE states by 4 motion states, and (c) SMC-LS with 96 frames for the spiral sampled free-breathing
liver 4D DCE-MRI phantom dataset. XD-GRASP reconstruction using 16 states obtained significantly improved image quality than using 36 states but at the expense
of lower temporal resolution. SMC-LS reconstruction with 96 frames achieved higher temporal resolution than XD-GRASP reconstruction with 36 states while
maintaining similar image quality as XD-GRASP reconstruction with 16 states. The x-t profiles show that SMC-LS reconstruction captured the temporal variations
more clearly than XD-GRASP reconstruction.

Fig. 7. Results for case 1 of the spiral sampled in vivo free-breathing liver 4D MRI dataset: (a) comparison of the temporal profiles (bottom) in a single cross-section
indicated by the dashed lines in an example axial section (top) reconstructed by the standard L+ S and SMC-LS respectively, both with 144 frames at a temporal
resolution of ~0.6 s, and (b) global displacement of sliding motion estimated by SMC-LS. The temporal profiles of the standard L+ S and SMC-LS reconstruction both
exhibit similar periodic variations as the estimated sliding motion, but SMC-LS reconstruction captured temporal variations more clearly.
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Fig. 8. Comparison of image reconstruction in other six cases of the spiral sampled in vivo free- breathing liver 4D MRI dataset. (a)–(f) correspond to case 2–7
respectively. Each subfigure shows a comparison of the temporal profiles (bottom) in a single cross-section indicated by the dashed lines in an example axial section
(top) reconstructed by the standard L+ S (left) and SMC-LS (right) respectively, both with 144 frames at a temporal resolution of ~0.6 s. The temporal profiles of the
standard L+ S and SMC-LS reconstruction both exhibit similar periodic variations, but SMC-LS reconstruction captured temporal variations more clearly.
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correction. We will investigate the potential to improve image re-
construction quality of SMC-LS for free-breathing liver 4D DCE-MRI by
transferring the proposed sliding motion compensation mechanism
from the standard L+ S to more advanced L+ S framework, e.g. LASSI,
in our future work.

5.3. Choice of regularization parameters

The setting of regularization parameters λL and λS is crucial to the
optimization results of the standard L+ S reconstruction and SMC-LS
reconstruction problems formulated in Eqs. (2) and (3). In this work, we
used an empirical method to determine the optimal parameter setting
by subjectively assessing image reconstruction quality when parameters
λL and λS were varied over a range of possible values. We observed that
for both the standard L+ S reconstruction and the proposed SMC-LS
reconstruction, larger λL, λS would smooth the L, S component, whereas
smaller λL, λS would bring more noise into the L, S component, re-
spectively. And the ratio of λL/λS would balance the separation be-
tween L and S. According to the analogy between Eqs. (2) and (3), it is
understandable that image reconstruction quality undergoes similar
changes for both methods under the same setting of λL and λS. For
results presented in this work, we have chosen a fixed setting of
λL=0.01 and λS=0.2, which yielded the best overall subjective image
reconstruction quality for both methods.

6. Conclusion

A novel method called SMC-LS is introduced for high spatio-
temporal free-breathing whole-liver 4D DCE-MRI reconstruction.
Global sliding of the internal abdominal organs is modeled as the major
component of respiratory motion and inferred directly from the un-
dersampled raw data. By incorporating sliding motion compensation
into the standard L+ S reconstruction, the reconstructed temporal
frames are roughly registered for L+ S decomposition. Results on
phantom data and in vivo data demonstrated that SMC-LS reconstruc-
tion can preserve high resolution spatial structures and capture clear
temporal variations at a sub-second frame rate for free-breathing liver
4D DCE-MRI.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.mri.2019.01.012.
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