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Beth Goddu,1 Warren J. Manning,1,3 Vahid Tarokh,2 and Reza Nezafat1*
in all three directions (4). For quantitative cardiac indices
such as cardiac output or mitral regurgitation, flow measurements should be accurate and reproducible. However,
despite the potential of PC CMR as an alternative to
Doppler ultrasound for evaluation of these indices, its
accuracy is impacted by several limitations including
background offset, Eddy currents, and a long scan time.
Several acquisition methods have been used to
improve the data acquisition efficiency and reduce the
total scan time in PC CMR. Echo planar imaging has
been used to improve the temporal resolution of flow
imaging (5). Non-Cartesian k-space trajectories including
spiral and radial sequences have also been used to
reduce scan time (6–8). Parallel imaging (9,10), which
has been widely used clinically for accelerated imaging,
was shown to provide accurate flow measurements with
reduced scan times (11). The study by Baltes et al. (12)
showed k-t BLAST and k-t SENSE are promising
approaches for high-resolution breath-hold flow quantification through the ascending aorta with up to 5-fold
acceleration. To overcome the limitation of the acceleration rate in the previous schemes, recent studies have
shown that higher acceleration rates can be achieved
using compressed sensing (CS) compared with more
established techniques such as parallel imaging (13–15).
In a study by Tao et al. (13), CS reconstruction was
simulated with retrospectively gated 2D PC cine scans of
carotid blood flow. The study by Hsiao et al. (14)
assessed the accuracy of flow quantification for 4D PC
MRI by comparing parallel imaging and CS. Kim et al.
(15) performed a combination of spatio-temporal (k-t)based CS and parallel imaging, called k-t SPARSESENSE for prospectively under-sampled in vivo data,
and reported agreements between k-t SPARSE-SENSE
and GRAPPA. Although k-t approaches could surpass
the acceleration achievable using acceleration in the spatial domain alone, it could also cause temporal blurring.
Stadlbauer et al. (16) demonstrated that 6-fold k-t BLAST
shows a reduction in peak velocity compared with rate 2
SENSE, which is caused by temporal blurring. Therefore,
alternative methods are needed that can enable acceleration without temporal blurring.
In this study, we sought to develop and evaluate a
new accelerated PC CMR approach in which the sparsity
of the complex difference (CD) image for each individual
phase is used as an additional sparsifying transform in
CS reconstruction for the quantitative evaluation of flow.
Initially, the accuracy of the proposed reconstruction
algorithm is evaluated by retrospectively discarding data

Phase contrast (PC) cardiac MR is widely used for the clinical
assessment of blood flow in cardiovascular disease. One of
the challenges of PC cardiac MR is the long scan time which
limits both spatial and temporal resolution. Compressed sensing reconstruction with accelerated PC acquisitions is a promising technique to increase the scan efficiency. In this study,
we sought to use the sparsity of the complex difference of the
two flow-encoded images as an additional constraint term to
improve the compressed sensing reconstruction of the corresponding accelerated PC data acquisition. Using retrospectively under-sampled data, the proposed reconstruction
technique was optimized and validated in vivo on 15 healthy
subjects. Then, prospectively under-sampled data was
acquired on 11 healthy subjects and reconstructed with the
proposed technique. The results show that there is good
agreement between the cardiac output measurements from
the fully sampled data and the proposed compressed sensing
reconstruction method using complex difference sparsity up to
acceleration rate 5. In conclusion, we have developed and
evaluated an improved reconstruction technique for accelerated PC cardiac MR that uses the sparsity of the complex difference of the two flow-encoded images.
Key words: phase contrast MR; blood flow assessment;
compressed sensing; accelerated imaging; cardiac MR

Phase contrast (PC) cardiac MR (CMR) is commonly used
clinically for the in vivo assessment of blood flow in cardiovascular disease (1–3). Through-plane aortic and pulmonic blood flow are measured and used for the evaluation of cardiac function and output, mitral regurgitation,
and shunts. Clinically, a through-plane 2D acquisition is
performed for the evaluation of blood flow. Recent advances have also enabled 3D time-resolved PC CMR that
allows quantification and visualization of the blood flow
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from the fully sampled k-space. Subsequently, accelerated data acquisition is performed in a cohort of healthy
subjects to evaluate the accuracy and reproducibility of
the proposed accelerated data acquisition and
reconstruction.
THEORY
PC MR images are typically reconstructed using the
phase difference between the two image data sets with
different bipolar encoding gradients. Assuming the bipolar gradient is applied for the slice selection gradient,
the complex MR signal s1(kx, ky) from a moving magnetization m1(x,y) with velocity vector vz(x,y) in the z-direction for each point in the x-y plane can be expressed as:
ZZ
s1 ðkx ; ky Þ ¼
m1 ðx; yÞei½2pðkx xþky yÞgMz vz ðx;yÞ dxdy ½1
x;y

where Mz is the first moment of the bipolar gradient and
g is the gyromagnetic ratio. For the second scan with the
other bipolar gradient, we get
ZZ
s2 ðkx ; ky Þ ¼
m2 ðx; yÞei½2pðkx xþky yÞþgMz vz ðx;yÞ dxdy: ½2
x;y

The phase difference images are reconstructed using the
following equation:
z1 ¼ m1 eigMz vz ; z2 ¼ m2 eigMz vz
Du ¼ angle ðz1  z2 Þ ¼ 2gMz vz

½3

The phase difference method is commonly used to quantitatively assess the blood volume/velocity through a vessel of interest. An alternative method for processing the
PC data is CD processing (17). In this technique, a CD
image is calculated using:
CD ¼ z1  z2 ¼ m1 eigMz vz  m2 eigMz vz
 m1 ðeigMz vz  eigMz vz Þ

½4

where m1 is assumed to be identical to m2. The signal in
the CD image depends on the blood flow in a voxel. For
stationary voxels, the signal difference between the
two acquisitions is almost zero. Therefore, the CD image
contains signal only in locations where there is blood
flow resulting in a very sparse image. We will use the
sparsity of the CD image in the proposed reconstruction
strategy.

For PC CMR, CS reconstruction is conventionally performed simply by solving a pair of unconstrained optimization problems for each individual bipolar encoding
image mi:
arg min ||FV z1  s1 ||2 þ l||Cz1 ||1
z1

J ðz1 ; z2 Þ ¼ ||FV z1  s1 ||2 þ ||FV z2  s2 ||2 þ l||Cz1 ||1
þ l||Cz2 ||1 þ lCD ||z1  z2 ||1 ; ½6
where |z1  z2| is the CD image and l and lCD are the
regularization parameters for balancing between data fidelity and image sparsity. In our optimization procedure,
we use an alternating minimization approach (18), to
solve [6] as two optimization problems over each image
individually at each iteration:
Initialize z02 ¼ 0, and k ¼ 0;
While ‘‘not converged,’’ Do
(step 1) Fix z2 ¼ zk2 and minimize J(z1, zk2 ) in terms
of z1 and let zk1 ¼ z1.
(step 2) Fix z1 ¼ zk1 and minimize J(zk1 , z2) in terms
of z2 and let zkþ1
¼ z2.
2
(step 3) k ¼ k þ 1
End Do

METHODS
All images were obtained using 1.5-T Achieva magnet
(Philips Healthcare, Best, The Netherlands) with a
5-channel cardiac coil. The acquired MR data were
transported to a stand-alone computer and the image
reconstruction was performed off-line using customized
software developed in MATLAB (The MathWorks, Inc.,
Natick, MA). All in vivo studies were approved by our
institutional review board, and subjects provided written
consent before participating in the study.
This study involves two steps. Initially, we evaluated
the proposed reconstruction method by quantifying flow
for different acceleration rates using retrospectively
under-sampled data from fully sampled acquisitions. We
also determined the optimum set of reconstruction parameters, which were used in the subsequent study step with
a prospectively under-sampled image acquisition, where
the accuracy of the accelerated acquisition was studied.
Image Acquisition

Compressed Sensing for Phase Contrast MR

arg min ||FV z2  s2 ||2 þ l||Cz2 ||1

each of the two bipolar encodings with i ¼ 1 or 2, zi is
the respective complex image, and l is the weight of the
sparsity terms.
In this study, we exploit an additional constraint for
reconstructing PC MRI in which the sparsity of the CD
image is used in addition to the decoupled objective
functions in [5]. In this case, the objective function is
given by:

½5

z2

where FV is the Fourier transform with under-sampling,
C is a sparsifying transform, si is the measurement for

PC images were acquired using an axial slice of the
ascending aorta at the level of the bifurcation of the pulmonary artery. For the retrospective under-sampling
study, a prospectively electrocardiogram (ECG)-triggered
flow-encoded 2D PC cine MRI pulse gradient-echo imaging sequence was used with typical parameters of: field
of view ¼ 320  400 mm2, resolution ¼ 2.5  2.5 mm2,
acquisition matrix ¼ 128  160, slice thickness ¼ 8 mm,
pulse repetition time/echo time ¼ 4.6/2.7 ms, flip angle
¼ 12 , temporal resolution ¼ 28.3–39.1 ms, and VENC ¼
300 cm/s. The fully sampled k-space data were acquired
in 15 healthy adult subjects (5 males, range: 20–70
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FIG. 1. Iterative compressed sensing (CS) reconstruction of the phase
contrast MR using the sparsity of
the complex difference image. The
reconstruction consists of two separate iterative processes, each with
two steps of data fidelity and thresholding. The thresholding step uses
both the sparsifying transform of the
image (Czi) and the intermediate
image of the other process for calculating the complex difference
image. The unaliased phase difference image is then obtained using
final estimation of z1 and z2. [Color
figure can be viewed in the online
issue, which is
available at
wileyonlinelibrary.com.]

years). The data were retrospectively under-sampled for
various acceleration rates (R ¼ 2, 3, 4, and 5) by randomly discarding outer k-space lines while keeping the
center of k-space. The size of the central k-space was set
to be half of the size of the total number of k-space lines
acquired at that acceleration rate. To allow a sufficient
number of k-space lines around the center, we did not
fix the size of the center of k-space for different acceleration rates.
Subsequently, accelerated PC CMR was acquired in 11
subjects (4 males, range: 20–45 years) with the same
imaging parameters as described above. To enable accelerated data acquisition with a random under-sampling
pattern, the imaging pulse sequence was modified such
that a fully sampled central k-space (40, 26, 20, 16, and
14 ky lines out of total 160 ky lines for acceleration rates
of 2, 3, 4, 5, and 6, respectively) was acquired, and the
remaining edges of the k-space were sampled randomly
until a sufficient number of lines were acquired for a
given acceleration rate. A modified low-to-high profile
ordering was used to minimize artifacts due to rapid gradient switching (19,20). Each subject was imaged with
acceleration rates (R) of 1 (i.e., fully sampled) to 6. To
assess the inter-scan variability, each scan was repeated
twice, one after the other. In summary, each subject was
imaged 12 times using 6 acceleration rates (R1–R6) with
one repeat scan for each acceleration rate.
Image Reconstruction
The image reconstruction was performed according to
algorithm presented in Figure 1, which illustrates how
the proposed CS reconstruction procedure uses the sparsity of the CD image and alternating minimization. Initially, estimates of ẑ1 and ẑ2 are both set to all-zero
images. Then, at each iteration, the algorithm keeps ẑ2
fixed, and solves the first line of [6] for an estimate ẑ1 by
performing the data fidelity procedure and the thresholding procedure using both the first sparsity term ||Cz1||1
and the additional sparsity of the CD image |z1  ẑ2|.

Then, ẑ1 is kept fixed, and the second line of [6] is
solved for ẑ2 using both ||Cz2||1 and the sparsity of the
CD image |ẑ1  z2| similarly. This is repeated until convergence, defined as when the relative change of the
norm of both images becomes less than 5  104. Total
variation (TV) regularization was performed as the sparsifying transform, C, because TV was shown to be a
good constraint for noise removal in image restoration in
(21) and has been widely used in many CS MR studies
in (22,23). The reconstruction of each image is performed
coil by coil using the fast alternating direction method
for TVL1-L2 minimization (24). Using these two complex
images, ẑ1 and ẑ2, we extract the flow information from
the phase difference reconstruction. The reconstruction
procedure described above can be considered as an alternating minimization formulation to solve the optimization problem involving the sum of the two objective
functions (18).
The proposed reconstruction algorithm with CS is
applied separately for all cardiac phases, which adds
computational complexity to the reconstruction. The CD
image in cardiac phases where there is minimal blood
flow does not contain any information except velocity
noise resulting from the dominant phase error, and the
image also does not add any additional information to
improve the reconstruction. Figure 2 shows the CD
images for all 25 cardiac phases of a healthy subject. In
the CD images of the first 10 phases, vessels are clearly
seen for the ascending and descending aortas. Therefore,
CD image is used as an additional constraint for the CS
algorithm for these phases. However, CD images of the
latter 15 phases do not have much information about the
vessel compared with the background image. Therefore,
there might be a chance that the thresholding operations
throw out some important signals for those phases. In
these cases, it is beneficial not to use the CD images for
CS reconstruction in order to improve the performance
and also reduce the complexity. Therefore, the additional CD constraint was only used during the time
when the aortic flow was high enough for the CD image
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FIG. 2. Magnitude images of the
complex difference (CD image)
for 25 cardiac phases. CD
images of the early 10 phases
show clear vessels for ascending
and descending aorta, and the
sparsity of the CD image can be
used as an additional constraint
for the CS algorithm. CD images
of the latter 15 phases do not
contain vessel signal above the
noise level; hence, there is no
benefit in using CD images for
the CS reconstruction for these
phases.

to have substantial vessel signal. We set the cardiac
phases that use a CD constraint for the reconstruction as
the first 40% of the whole cardiac cycle and the values
of l and lCD were set as 104. For the latter 60% of the
cardiac cycle, we set lCD ¼ 0 and l ¼ 104 to have the
regular CS algorithm as given in the Eq. [5]. For comparison, images were also reconstructed without the use of
the CD constraint throughout the cardiac cycle, as given
in Eq. [5].
Image and Statistical Analysis
For each reconstruction, a region of interest was manually drawn in the ascending aorta using the corresponding magnitude images. The region of interest was manually corrected through the cardiac cycle for cardiac
motion. The mean velocity of blood flow in each cardiac
cycle and the cardiac output were calculated for each
reconstruction. Bland-Altman analysis and Pearson correlation were performed to compare the cardiac outputs
reconstructed by CS reconstruction with and without
using the CD image as a constraint. The cardiac output
calculated by the reconstruction using the fully sampled
data was used as a reference.
RESULTS
Retrospective Under-Sampling
Figure 3 shows the convergence speed of the proposed
reconstruction algorithm. Sample PC images from a
healthy subject are shown in: (a) the magnitude image,
(b) the phase difference image, (c) the CD image reconstructed using fully sampled k-space data, and (d-e) the
corresponding CD images for different iterations (1, 16,
256, respectively) of the proposed reconstruction algorithm applied to a retrospectively 5-fold under-sampled
k-space dataset of the same subject. Aliasing artifacts
and blurring are clearly visible in the CD image at the

start of the algorithm seen in Figure 3d. However,
through the iterative CS reconstruction algorithm, the
vessel walls get sharper, and the CD image becomes
sparser, similar to the CD image of the fully sampled
data in Figure 3f.
Table 1 shows the cardiac output for different undersampling rates. There is an excellent agreement between
rate 1 (fully sampled data) and rate 2 (correlation coefficient: 0.999) and between rate 1 and rate 3 (correlation
coefficient: 0.999). Although the Pearson correlation
coefficient decreases for higher acceleration rates, it is
always above 0.97, indicating good agreement between
the accelerated reconstruction and the reference. The
results of the study with the retrospectively undersampled data suggest that 5-fold accelerated PC CMR
using the proposed CS algorithm with the sparsity of the
CD image as an additional constraint is a feasible technique for the assessment of cardiac output measured
through ascending aorta.

Prospective Under-Sampling
Figure 4 shows the Bland-Altman analysis of the cardiac
output of the prospectively accelerated acquisitions, and
Table 2 summarizes the relevant mean and standard
deviations of the differences between the fully sampled
data and CS reconstruction of the accelerated scan with
and without use of the CD image. Figure 4a shows the
inter-scan reproducibility of the fully sampled data,
which shows differences between two separate scans
under the same scan condition. Figure 4b–f shows agreement between a fully sampled acquisition and the accelerated acquisitions for rates 2–6. The figure also compares two different CS algorithms, one which uses CD
sparsity and another one that does not. Black squares
and black solid lines indicate that the variation of the
difference between a fully sampled scan and an
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FIG. 3. The first row shows fully sampled images of an axial slice of the ascending aorta at the level of the bifurcation of the pulmonary
artery: (a) magnitude image, (b) phase difference image, and (c) CD image. The images in the second row (d–f) are the corresponding
CD images from different iterations of the CS algorithm (1, 16, and 256) for a retrospectively under-sampled acquisition of acceleration
rate 5. Improved depiction of vessel boundaries can be seen in later iterations.

accelerated scan reconstructed with the proposed algorithm is in the range of that of the scan–rescan of the
fully sampled data up to acceleration rate 4. The variation is also in the acceptable range with rate 5. However,
there is a larger variation (by 98% compared with the
reproducibility of the fully sampled data) in the flow
measurement for rate 6 as seen in Table 2. Furthermore,
larger standard deviations are observed in the difference
between the fully sampled scan and accelerated scan
reconstructed without the CD constraint, especially for
high acceleration rates (12% and 19% increase for rates
4 and 5, respectively, compared with the reconstruction
with the CD constraint) as depicted in Table 2. We note
that these differences are more positively biased for the
case of the CS without the CD constraint, which would
lead to greater underestimation of the velocity of the
blood.
Table 1
Bland-Altman Analysis of the Cardiac Output Between the Fully
Sampled Data and CS Reconstruction of the Retrospectively
Under-Sampled Data and Relevant Pearson coefficients, R
Acceleration
rate (R)
2
3
4
5

Mean of
difference
(L/min)

Upper
95%
(L/min)

Lower
95%
(L/min)

Pearson
coefficients R

0.004
0.018
0.052
0.153

0.120
0.152
0.429
0.867

0.129
0.117
0.326
0.562

0.999
0.999
0.991
0.970

Figure 5 depicts the inter-scan reproducibility of the
CS reconstruction with the CD constraint. Figure 5a
shows the inter-scan reproducibility of the fully sampled
data, and Figure 5b–f shows those of the accelerated
acquisitions for rates 2 to 6, respectively. Up to acceleration rate 5, the ranges of the standard deviations are not
bigger than that of the reference in Figure 5a. The standard deviation of Figure 5f is comparatively higher than
Figure 5a.
DISCUSSION
We introduced a novel CS reconstruction algorithm for
accelerated PC CMR. The sparsity of the CD image was
included as an additional constraint for the minimization problem in this approach. No systematic variation
was observed for the cardiac output measurements
between the fully sampled reference data and those
reconstructed with the proposed reconstruction algorithm up to acceleration rate 5.
In previous studies on the utility of CS in accelerated
PC MR, underestimation of the velocities of voxels of interest was noted as an issue (14,15). Underestimation
can be seen as the bias of the Bland-Altman analysis
comparing fully sampled PC acquisition and reconstructions of the accelerated PC acquisitions. We also showed
that the CS reconstruction which uses TV of the image
without CD sparsity suffered from the underestimation
of the cardiac output as seen by the positive bias of the
difference. However, by using the CD image and an
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FIG. 4. Bland-Altman analysis of
the blood volume through the
ascending aorta for scan/rescan
variability of (a) the fully sampled
acquisitions (R1 vs. R1), and (b–f)
the comparison between the fully
sampled data and reconstructions of prospectively accelerated
scan with rates (R) of 2–6 using:
(1) CS with CD sparsity (black
square) and (2) CS without CD
sparsity (red star) for (a). At lower
rates (R  3), both reconstruction
techniques yield clinically equivalent results. However, at higher
acceleration rates, CS reconstruction with CD sparsity results
in superior flow measurements
and smaller differences than the
CS reconstruction without CD
sparsity, when compared with the
fully sampled acquisition.

additional sparsifying constraint, the bias of the difference of the cardiac output was significantly reduced for
acceleration rates of up to 5.
One of the major issues for CS is the loss of spatial resolution or blurring of the reconstructed image. Over the
past years, there have been various improved reconstructions that address this issue for high-resolution cardiac
MRI (20,25,26). However, for PC imaging, the issue of
blurring has less impact on quantification of the flow.
First, the spatial resolution is much lower than needed
for the assessment of coronary lesions or scar. Second,
during the analysis, we intentionally avoid pixels in the
vessel wall to reduce the partial volume errors. Third,
quantification of flow is usually performed over the
entire cardiac cycle using average blood flow velocity.

The maximum achievable acceleration rate will also
depend on the imaging spatial resolution as well as vessel diameter; therefore, the maximum achievable acceleration rate for each imaging application might be different
from the ones reported in our study. Further studies in
larger cohorts and in patients with valvular disease
should be performed to further validate the impact of CS
in acceleration of PC CMR.
The per-iteration computational cost of the proposed
algorithm is four fast Fourier transforms (FFTs) (including
two inverse FFTs) and four thresholding operations, all
applied to images of the size of the 2D phase image. The
reconstruction time is dependent on the actual number of
cardiac phases and the required number of iterations but
it is approximately less than 20 min using MATLAB on a

Table 2
Bland-Altman Analysis of the Cardiac Output Between the Fully Sampled Data and Two Difference CS Reconstructions With and Without Use of CD Constraint for the Prospectively Under-Sampled Data
Acceleration
rate (R)

Use of CD
constraint

Mean of
difference (L/min)

SD of
difference (L/min)

Upper 95%
(L/min)

Lower 95%
(L/min)

R1 vs. R1
R1 vs. R2

N/A
With CD
Without CD
With CD
Without CD
With CD
Without CD
With CD
Without CD
With CD
Without CD

0.0623
0.0530
0.0286
0.128
0.182
0.0930
0.280
0.246
0.536
0.299
0.841

0.273
0.319
0.309
0.295
0.295
0.378
0.421
0.441
0.526
0.542
0.470

0.598
0.678
0.633
0.706
0.761
0.833
1.11
1.11
1.57
1.36
1.76

0.474
0.572
0.576
0.449
0.396
0.647
0.545
0.618
0.496
0.763
0.0790

R1 vs. R3
R1 vs. R4
R1 vs. R5
R1 vs. R6

Accelerated Aortic Flow Assessment with CS

7

FIG. 5. Bland-Altman analysis of
the blood volume through the
ascending aorta for scan/rescan
variability of (a) fully sampled
acquisitions (R1 vs. R1), and (b–f)
prospectively accelerated scans
with rates (R) of 2–6 using CS
reconstructions with CD sparsity.
At acceleration rates  5, the
proposed reconstruction technique yields clinically equivalent
results with the fully sampled
acquisitions.

64-bit windows PC with dual core CPU and 8 GB of RAM.
The reconstruction time may be further reduced to a clinically acceptable range through the use of parallel programming and a graphics processing unit (27).
In our study, we have chosen to use the additional
sparsity of the CD image in the first 40% of the cardiac
cycle. The CD images show very little flow-related information at later cardiac phases due to the lack of large
flow during these cardiac cycles. For assessment of flow
in other vasculature, CD sparsity may be used throughout the entire cardiac cycle.
In our study, different image reconstruction techniques
are compared based on cardiac output measurements.
Although cardiac output is a valuable quantitative metric
for PC CMR, it is not necessarily sensitive to subtle
changes and artifacts in the flow pattern. Therefore, further evaluation in other PC CMR applications should be
performed using clinically relevant metrics for each specific application.
In our study, the maximum acceleration rate was limited
to 5 and the proposed scheme was not feasible with a rate
of 6 or higher. Higher acceleration rates may be possible
with a larger number of coil elements, because images will
be better localized in different coils, although this was not
studied. The optimal combination of our technique with
parallel imaging was also not studied. We have used an
arbitrary size of the center of k-space to be fully sampled.
The optimal size for the fully centered k-space was not systematically studied and may be different from the one we
chose in this study. We also note there was a previous
study on CS for PC using the CD image (28) for MR angiography with maximum intensity projection images in the
brain, but not for flow assessment.

Our study has some limitations. Only subjects with no
prior history of cardiovascular disease were recruited. Further validations in patients with cardiac disease are needed
to evaluate the accuracy of the accelerated flow measurements with CD sparsity. We have only used TV in the
reconstruction and did not study other sparsifying transform such as wavelet in the reconstruction. We also used a
uniform random undersampling instead of weighted sampling in our data acquisition to reduce computational time
of calculating the undersampling pattern in real-time for
implementation of the prospective under-sampling acquisition. The impact of different reconstruction on resolution
loss of the magnitude images was not studied.
CONCLUSIONS
CD images, calculated from two bipolar encoding acquisitions of PC cine, can be used as additional sparsifying
constraints in CS reconstructions allowing higher acceleration rates with lower variations in flow measurements.
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19. Basha TA, Akçakaya M, Moghari MH, Kissinger KV, Goddu B, Goephert L, Manning WJ, Nezafat R. Minimization of imaging artifacts
from profile ordering of randomly selected ky-kz lines for prospective compressed-sensing acqusition in 3D segmented SSFP and GRE
imaging. In Proceedings of the 19th Annual Meeting of ISMRM,
Montreal, Canada, 2011. p. 1264.
20. Akcakaya M, Basha TA, Chan RH, Rayatzadeh H, Kissinger KV,
Goddu B, Goepfert LA, Manning WJ, Nezafat R. Accelerated contrastenhanced whole-heart coronary MRI using low-dimensional-structure
self-learning and thresholding. Magn Reson Med 2012;67:1434–1443.
21. Rudin LI, Osher S, Fatemi E. Nonlinear total variation based noise
removal algorithms. Physica D 1992;60:259–268.
22. Lustig M, Donoho D, Pauly JM. Sparse MRI: the application of compressed sensing for rapid MR imaging. Magn Reson Med 2007;58:
1182–1195.
23. Block KT, Uecker M, Frahm J. Undersampled radial MRI with multiple coils. Iterative image reconstruction using a total variation constraint. Magn Reson Med 2007;57:1086–1098.
24. Junfeng Y, Yin Z, Wotao Y. A fast alternating direction method for
TVL1–L2 signal reconstruction from partial fourier data. IEEE J Sel
Top Signal Process 2010;4:288–297.
25. Akcakaya M, Basha TA, Goddu B, Goepfert LA, Kissinger KV, Tarokh
V, Manning WJ, Nezafat R. Low-dimensional-structure self-learning
and thresholding: regularization beyond compressed sensing for MRI
reconstruction. Magn Reson Med 2011;66:756–767.
26. Akcakaya M, Rayatzadeh H, Basha TA, Hong SN, Chan RH, Kissinger
KV, Hauser M, Josephson E, Manning WJ, Nezafat R. Accelerated late
gadolinium enhancement cardiac MRI with isotropic spatial resolution using compressed sensing: initial experience. Radiology 2012;
264:691–699.
27. Nam S, Akcakaya M, Basha T, Stehning C, Manning WJ, Tarokh V,
Nezafat R. Compressed sensing reconstruction for whole-heart imaging with 3D radial trajectories: a graphics processing unit implementation. Magn Reson Med 2012. doi:10.1002/mrm.24234.
28. King KF, Sun W. Compressed sensing with vascular phase contrast
acquisition. In Proceedings of the 17th Annual Meeting of ISMRM,
Honolulu, Hawaii, USA, 2009. p. 2817.

