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Magnetic resonance imaging (MRI) is a non-aggressive medical imaging modality that use magnetic
resonance property of hydrojen atom core in body and can show a wide range of tissues with high
resolution. The main disadvantage of MRI which limits its application, is the slow data acquisition
speed. The use of compressed sensing (CS) in MRI, known as CS-MRI, reduces data acquisition time in
MRI by reducing the required samples. One important challenge in CS-MRI, is to develop a sparsity
inducing model which can reflect the image priors appropriately and hence yields high quality recovery
results. In this study, principles of MRI, application of CS in MRI, and CS-MRI reconstruction

techniques are discussed in brief.
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1. Introduction

Magnetic resonance imaging (MRI) is a
non-aggressive medical imaging modality
that use magnetic resonance property of
hydrojen atom core in body and can show a
wide range of tissues with high resolution.
The main disadvantage of MRI which limits
its application, is the slow data acquisition
speed for the long sampling period required
by the traditional Nyquist sampling Theorem
[1]. The slow data acquisition speed may
result in prolongation of imaging time and so
increase patients discomfort and motion
artifacts [2]. Therefore, improving the speed
of MRI is of particular importance. One of the
methods of increasing the data acquisition
speed is to upgrade the hardware used for data
collection. However, the physical (gradient
amplitude and slew-rate) and physiological
(nerve stimulation) constraints limit the speed
at which data can be collected [3]. Thus, the
only effective method to decrease the imaging
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time is to reduce the amount of acquired data.
However, decreasing the sampling rate
violates the Nyquist sampling theorem and
leads to aliasing artifacts in reconstructed MR
images. Therefore, many researchers are
looking for methods to reduce amount of
acquired data without degrading the image
quality [3]. Among these methods, there is
parallel imaging (PMRI) which is hardware-
based and uses redundancy in k-space.
SENSE [4] and GRAPPA [5] are two
common parallel imaging methods. A known
limitation of these methods is that with the
the
amplitudes of reconstruction artifacts grow
rapidly [6]. By introducing compressed
sensing (CS) theory in 2006 by Candés et al.
[7, 8], and Donoho [9], as a surrogate of
traditional Nyquist sampling theorem, it is
provided to reconstruct the MR images
without artifacts from far fewer data. The
result of applying CS in MRI, which is known

increase of the acceleration factor,
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as CS-MRY], is to reduce the time required for
imaging, reduce costs and patient comfort. A
successful application of CS has three
requirements [3, 10]:

The image should have sparse
representation in a certain transform
domain.

° a

The artifacts in reconstruction caused by

k-space  undersampling should be
incoherent in the sparsifying transform
domain.

The image should be reconstructed by a
nonlinear method that enforces both
sparsity of the image and consistency of
the reconstruction with the acquired
samples.

The rest of the paper is organized as
follows: In section 2, principles of magnetic
resonance imaging are briefly presented. In
section 3, application of CS in MRI are
explained. In section 4, some of the CS-MRI
reconstruction methods are reviewed. Finally,
the conclusions are provided in section 5.

2. Magnetic Resonance Imaging

The operation of the MRI system is based
on the nuclear magnetic resonance (NMR)
property. The MR signal is generated by
protons in the body, mostly those in water
molecules. A strong static magnetic field B,
polarizes the protons and leads to the creation
of a net magnetic moment in the direction of
the static magnetic field. Applying a radio
frequency (RF) excitation field B; to the
polarization vector rotates it and produces a
magnetization component m transverse to the
static field. This magnetization process takes
place at a frequency proportional to the static
field strength. The transverse component of
the magnetization emits a RF signal that can
be received by a coil [11]. The transverse
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component at position r is represented by the
following complex quantity:

m(r) = Im(r)| e /2

The m(r) component represents
characteristics of the tissue. In fact, the desired
MR image to be reconstructed is m(r), which
is an image of the spatial distribution of the
transverse component of magnetization [11].

(1)

many

It can be shown that the received signal
equation in MRI is obtained as follows [12]:

S(k(t)) = [[f m(r)e=/zmkOTqy )

In other words, the received signal S(k(t)) is
the Fourier transform of the image m(r)
sampled at the spatial frequency k(t) [11]. In
two-dimensional imaging, the received signal
equation in MRI is simplified as follows:

S(kx (), ky () =

ff m(x’ y) e—janx(t)xe—j2nky(t)ydxdy (3)

In general, the frequency domain (kx,ky) is
referred to as k-space. The k-space trajectory
is controlled by gradients. The gradients can
be chosen in such a way that k-space is
adequately sampled. In this case, the complete
MR image can be reconstructed as the inverse
Fourier transform of the acquired data [12].

Traditionally, the k-space sampling pattern
is designed in such a way that the Nyquist
conditions are met, which depends on
resolution and field of view (FOV). Image
resolution is determined by the sampling area
of k-space. A larger sampling area results in
higher resolution. The field of view is
determined by the sampling density in the
desired area. Figure 1 shows the relationship
between image domain and k-space. Violation
of the Nyquist criterion causes image artifacts
in linear reconstructions. The appearance of
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such artifacts depends on the details of the
sampling pattern [11].

In recent years, a variety of techniques
were proposed to accelerate data acquisition
in MRI. Due to the physical and physiological
constraints, the speed of k-space traversal and
thus the data acquisition speed is limited.
Therefore, many researchers are looking for
methods to reduce the amount of acquired data
without degrading the quality of the image.
The basic idea behind many of these methods
is the use of spatial and/or temporal
redundancy of the MR images [10]. One of the
effective methods to achieve this goal is the
compressed which by taking
advantage of the sparsity of MR images,
provides the possibility of complete
reconstruction of images from a small subset
of k-space.

sensing,

Fourier

‘Transform

Nyquist
Theorem

FOv

Image domain

k-space

Fig.1.The relationship between image domain
and k-space [13]

3. Compressed Sensing MRI

Equation (3) shows the mathematical
model related to MR imaging. The vector
form of this equation can be written as
follows:

S =Fm, 4)

where m € CV is the MR image in vectorized

form, F € C¥*N is the Fourier transform
matrix, and § € CV is the k-space data vector.
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In order to speed up imaging, undersampling
is done. But when the k-space is
undersampled, the Nyquist conditions are
violated, causing image artifacts in the
reconstruction. Using compressed sensing in
MRI, only a small subset of k-space data will
be required. In this case, the equation (4) is
written as follows:

y=WFu = y=F,u, (5)

where W € RM*N with M < N, is a binary
mask consisting of zeros and ones that selects
M rows of the matrix F; yecC” is
undersampled k-space data (measurement
vector); F, € CM*N is the undersampling
Fourier operator; and u € CV is the desired
image. Sampling in MRI is a special case of
compressed sensing where the sampled linear
combinations are Fourier coefficients. In this
case, the compressed sensing method is
claimed to be able to accurately reconstruct
the original image from a small subset of k-
space. Figure (2) shows the requirements of
this method. As can be seen from the Figure,
the CS approach has three requirements: (a)
the desired image have sparse
representation in a known transform domain,
(b) the aliasing artifacts due to k-space
undersampling be incoherent in that
transform  domain, (c) nonlinear
reconstruction algorithm be used to enforce
both sparsity of the image and consistency
with the acquired data [3]. If these
requirements are met, it is actually possible to
recover the desired image. The recovery
problem of the image u from y is formulated
as the following unconstrained optimization
problem:

a

a

min 7 [ly — Fyull3 + AR (w) (6)
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incoherent artifacts

sparse transform partial k-space

Fig.2.CS-MRI circuit diagram and
requirements [3].

where R(.) is called sparsity inducing model,
lly — F,ull, is known as data fidelity model,
and A is a regularization parameter. The
sparsity inducing model plays a key role in
achieving high quality images. Early
reconstruction methods utilize the sparsity of
the image in some predefined transform
domains. In this case, the image u can be
represented as u = ¥x where W is a transform
domain or sparsifying basis and x € RY is the
coefficient vector that most entries of which
are zero or close to zero. This means that
Ix|lo < N, where ||x]|, is the [, norm of the
vector and represents the number of its non-
zero components. In other words, the sparsity
model can be as the [, norm of transform
coefficients ||‘I—’Tu||O and or ||‘I—’Tu||1 as a

relaxation of the [y norm. Examples of the
transform domain can be discrete cosine
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transform (DCT) [3], discrete wavelet
transform (DWT) [14], EWT [15], contourlet
transform [16], and finite difference domain
[17]. Some methods combine sparse
transforms to exploit the advantage of each
other. In general, these models are built based
on the assumption that images are locally
smooth except at the edges and demonstrate
high effectiveness in reconstructing smooth
areas. However, they cannot deal well with
image details and fine structures, and tend to
over-smooth images [18]. To improve the
sparsity, patch-based models were proposed.
The main idea is to decompose the image into
overlapped patches and represent each patch
by a few elements from a basis set called
dictionary, which is learned from images. The
learned dictionaries enjoy the advantage of
being better adapted to image local structures,
thereby enhancing the sparsity and lead to
reduce artifacts in CS-MRI. However, in the
process of dictionary learning and sparse
coding, each patch is considered
independently, which ignores the
relationships between similar patches [19].

Recently, it has been shown that nonlocal
self-similarity based models, called nonlocal
sparsity models, are effective in preserving
details and demonstrate great advantages in
image reconstruction [20]. The nonlocal self-
similarity depicts the repetitiveness of higher
level patterns (e.g., textures and structures)
globally positioned in images [18]. To exploit
the nonlocal self-similarity prior, the image is
divided into overlapped patches. Then, for
each patch within the search window, a set of
similar patches are searched to form a data
matrix, called a group. The patches in the
group are correlated; the strong correlations
allow one to develop a much more accurate
sparsity inducing model by exploiting
nonlocal redundancies [21].
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4. CS-MRI Reconstruction Approaches

In this section, some techniques proposed
for CS-MRI reconstruction are reviewed. In
[22], fast composite splitting algorithm
(FCSA) for MR image reconstruction was
presented, which tries to solve the following
CS-MRI reconstruction problem:

min ~IIF,u = yliZ+a [ ul|, + Bllully,

(7)

where W is the wavelet transform matrix, and
II. |7y is denoted total variation (TV) norm
which is used to induce the sparsity of the
image in the finite difference domain. In this
method, the problem (7) is divided into two
sub-problems of regularizing the /; norm and
regularizing the TV norm. The final
reconstructed image is obtained from the
weighted average of the answers of both sub-
problems. Despite using the hybrid sparse
model in the reconstruction problem in order
to better reflect the characteristics of the
image, the reconstructed images have low
PSNR. The FCSA method is based on the fast
iterative shrinkage-thresholding algorithm
(FISTA) and therefore has good
convergence speed.

a

In order to remove the blocking effects
caused by TV norm regularization and
preserve the details of MR images, a
reconstruction method based on TV and
NLTYV was presented in [17]. In this method,
the MR image is first reconstructed by
solving the problem (7). Then, the final image
is obtained by solving problem (8) in one
iteration.

. 1
m&n ) IF,u—yll3+a ”\PTu”1 +
Bllullyiry ®)

In [23], the use of contourlet as a
sparsifying transform along with the FISTA
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algorithm was proposed to solve the CS-MRI
reconstruction problem (9). This method is
known as fast iterative contourlet
thresholding algorithm (FICOTA).
Contourlet transform performs better than
wavelet transform in displaying edges and
curved lines of images, but increases the
amount of computation.

©)

[24], instead of contourlet, discrete
nonseparable shearlet transform (DNST) was
used as a sparsifying transform. The use of
DNST improves the reconstruction quality of
the FICOTA method and at the same time
increases its execution time. In [25], an
algorithm named projected iterative soft
thresholding algorithm (pISTA) and its
accelerated version pFISTA were presented
to solve the CS-MRI reconstruction problem
(9). These algorithms use the following
repetition pattern:

utt = BT, (R (0 + R, (7 — Fu),

min 2 [|F,u — yli3+a [l

In

(10)

where ¥ is a base or a tight frame (a frame
that has redundancy). In such frames, the
dimensions of an image are much smaller
than its coefficients under the frame. Since
these algorithms are implemented without
saving frame coefficients, they greatly reduce
memory consumption. In [26], an iterative
algorithm based on p-thresholding was
proposed to solve the reconstruction problem
(9). This algorithm uses the following
repetition pattern:

Xk-'-1 = G(;Lp)k(xk + \PFuTy -

WF,"F,¥x"), (11)
where G denotes the thresholding function
and is defined as G, (X)) =

sgn(x*)max{0, |x*| — A, |x*[P~1}. Another

method was proposed in [27] to reconstruct
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MR images in the tight frame domain. This
method uses the following model:

min 7 [|F,vec(¥x) — yll} +2 ;w02 (),

(12)

where X denotes the image coefficients under
frame ¥, vec(.) is the vectorization operator
of a matrix, 0;(X) is the i-th singular value of
x, and w; is the weight assigned to g;(X).

In [15], the EWT-ISTA method was
presented to reconstruct MR images, which
uses the exponential wavelet transform or
EWT as a sparsifying transform with the aim
of increasing the sparsity of the images in the
wavelet domain. MR images are usually
sparse in the wavelet domain. The rationale of
EWT to improve sparsity is that if significant
coefficients are enhanced and non-significant
coefficients are attenuated, through
nonlinear transformation, then sparsity is
improved. The used nonlinear transformation
is an exponentiation that has a parameter 7.
The larger n, the higher sparsity degree of
coefficients will be. Meanwhile,
increases, the non-zero coefficients are
strongly weakened, which leads to a decrease
in the reconstruction quality. Also, this
method has relatively slow convergence due
to the use of ISTA algorithm. The improved
version of the method [15] was presented in
[28], which is a combination of EWT, FISTA
and SISTA and is known as EWISTA. In fact,
this method uses the sparsity of EWT, the
convergence speed of FISTA and the
parameters adjustment in SISTA to increase
the reconstruction quality and reduce the
calculation time.

a

as n

Wavelet transform provides a sparse
representation for smooth images. But if the
image does not meet this feature, the resulting
representation may not be optimal. To solve
this limitation, a graph-based additive
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wavelet transform (GBRWT) was proposed
in[29] to sparsify MR images. In this method,
the reference image is first divided into
several blocks and the corresponding graph is
formed in such a way that the blocks of the
image are considered as vertices and their
difference as edges of the graph. The shortest
path on the graph will produce a smooth
image. If the image pixels are arranged
according to this short path, a sparser
representation is obtained by applying the
wavelet transform. Finally, the problem of
CS-MRI reconstruction (9) is solved by using
GBRWT and ADMM algorithm.

In [30], instead of predefined sparsifying
transforms, block-based adaptive dictionary
was used to achieve better reconstruction
performance in CS-MRI. These dictionaries
are more adaptable to the local structures of
image, improve the sparsity and lead to the
reduction of artifacts in CS-MRI. In the
method [30], which is known as dictionary
learning MRI (DLMRI), dictionary learning
and image reconstruction from undersampled
k-space data are used simultaneously in a
single model. This model is formulated as
follows:

1
min - ||F,u —y|l3 + 7 %;|IR;u —
uDx 2

Dx;ll3 s.t. lIxllo < T,

(13)

where R; is the matrix that extracts block u;
from image u. The problem (13) is solved by
alternating minimization method at two steps.
To learn the dictionary D, K-singular value
decomposition (K-SVD) algorithm [31] is
used, which has a high computational
complexity.

In [32], a dictionary updating (DU) based
MR image reconstruction method called
DUMRI was presented. In dictionary learning
based MRI, several iterations between sparse
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coding and dictionary updating in the
dictionary learning process lead to wasted
imaging time. To reduce the imaging time
without degrading the reconstruction quality,
the authors proposed a dictionary updating
method that avoids the iterations of the
dictionary learning process. Also, in order to
improve the reconstruction quality, the block
matching and three-dimensional
collaborative filtering (BM3D) denoising
method was used. One of the disadvantages
of this method is the low speed of running and
the complexity of calculations, which cannot
be suitable for the practical application of
MRIL

In order to provide a sparser representation
of MR images and thus improve the
reconstruction results, a patch-based non-
local operator called PANO proposed in [33],
which uses the similarity of image patches.
This operator is defined as 4; = ‘I—'3DR,,].RL-,

where R; is the matrix that extracts the patch
u; from the image u (so that u; = R;u), R,
selects the ¢ number of blocks with the most
similarity to form the v;th group where v; =
{ig, .
transform. The MR image is obtained by
solving the problem (14), taking into account
the sparsity of the coefficients obtained by
applying the PANO operator to it:

,ic}, and ¥, is a three-dimensional

muiln i IF,u—yll + aZ,-IIAju||1

(14)

But using the similarity of patches requires
having the original image. Since no ground
truth image is available for similarity
learning, the authors proposed to learn the
similarity from a guide image estimated from
the measurements and showed that learning
the similarity is not sensitive to the initial
guide image.
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In [34], a CS-MRI reconstruction method
based on group sparse representation and
statistical estimation, called as group-based
eigenvalue decomposition and estimation
(GEDE), presented. This method
emphasizes on sparser representation of the
image and more accurate estimation of sparse
coefficients. In this method, a sparse
representation is developed based on the local
and non-local features of the image; By
performing SVD on the group as
[D;, v, 9;] = svd(Ug,), where D; denotes
the dictionary corresponding to local sparsity,
9, is the dictionary corresponding to nonlocal

was

sparsity, and 7y; is the vector of sparse
representation  coefficients. Also, linear
minimization mean square error (LMMSE)
has been used to accurately estimate sparse
coefficients. The reconstruction problem is
formulated as follows:

min i IF,u—yll3+7n Zi{”ﬁGiu -
uy
(15)

where the IL(y) represents the LMMSE, and
D; and 97 are the left and right dictionaries of

Dy + ALY},

the group, respectively.

In[1], a MR image reconstruction method
based on low-rank structure using non-local
sparsity of MR images was presented. In this
method, low-rank regularization becomes a
nuclear norm minimization problem and is
solved by SVT and ADMM methods.

In [35], robust CS-MRI based on the
combined nonconvex regularization model
was proposed to enhance the details recovery
and reduce artifacts. In this framework, the
bias-based sharpness enhancement prior was
integrated into smoothed [/, (SLO) model. The
nonconvex optimization problem was solved
by a two-cycle iterative algorithm.
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5. Conclusions

MRI is a non-aggressive medical imaging
modality that can show a wide range of
tissues with high resolution. A complete MR
image is reconstructed using the acquired
data. In MRI, the data acquisition is done at a
relatively speed. This result
prolongation of imaging time and so increase
patients discomfort and motion artifacts.
Therefore, improving the speed of MRI is of
particular importance. Considering the
physical and physiological constraints, the
only effective method to decrease the imaging
time is to reduce the amount of acquired data.
However, decreasing the sampling rate
violates the Nyquist sampling theorem and
leads to aliasing artifacts in reconstructed MR
images. In order to reduce amount of acquired
data without degrading the image quality, the
compressed sensing theorem has been
proposed. The use of compressed sensing in
MRI reduces the number of samples and the
time required for imaging. As a result, it leads
to a reduction in costs and patient comfort.

slow in

References

[1] Sun, L., Chen, J., Zeng, D. and Ding, X., 2015. A
novel nonlocal MRI reconstruction algorithm with
patch-based low rank regularization. In 2015 IEEE
Global Conference on Signal and Information
Processing (GlobalSIP), pp. 398-402.

Liu, S., Cao, J., Liu, H., Shen, X., Zhang, K. and
Wang, P., 2017. MRI reconstruction using a joint
constraint in patch-based total variational
framework. Journal of Visual Communication and
Image Representation, 46, pp.150-164.

Lustig, M., Donoho, D. and Pauly, J.M., 2007.
Sparse MRI: The application of compressed
sensing for rapid MR imaging. Magnetic
Resonance in Medicine: An Official Journal of the

International Society for Magnetic Resonance in
Medicine, 58(6), pp.1182-1195.

Pruessmann, K. P., Weiger, M., Scheidegger, B.,
1999. SENSE: sensitivity

(2]

(3]

(4]

and Boesiger, P.,

39

encoding for fast MRI. Magn. Reson. Med., 42,
pp. 952-962.

[5] Griswold, M.A., Jakob, P.M., Heidemann, R.M.,
Nittka, M., Jellus, V., Wang, J., Kiefer, B., and
Haase, A., 2002. Generalized autocalibrating
partially parallel acquisitions (GRAPPA). Magn.

Reson. Med., 47, pp. 1202-1210.

[6] Wu, B., Millane, R. P., Watts, R., and Bones, P.J.,
2011. Prior Estimate-Based Compressed Sensing
in Parallel MRI. Magnetic Resonance

Medicine, 65, pp. 83-95.

Candes, E., Tao, T., 2006. Near-optimal signal
recovery from random projections: Universal
encoding strategies?. IEEE Trans. Inf. Theory, pp.
5406-5425.

Candes, E., Romberg, J., Tao, T., 2006. Robust
uncertainty principles: Exact signal reconstruction
from highly incomplete frequency information.
IEEE Trans. Inf. Theory, 52, pp. 489-5009.

Donoho, D. L., 2006. Compressed sensing. IEEE
Trans. Inf. Theory, 52, pp. 1289-1306.

[10]Feng, L., Benkert, T., Block, K.T., Sodickson,
D.K., Otazo, R. and Chandarana, H., 2017.
Compressed sensing for body MRI. Journal of
Magnetic Resonance Imaging, 45(4), pp.966-987.

[11]Lustig, M., Donoho, D.L., Santos, J.M. and Pauly,
JM., 2008. Compressed sensing MRI IEEE
signal processing magazine, 25(2), pp.72-82.

[12] Wright, G.A., 1997. Magnetic Resonance
Imaging. IEEE Signal processing Magazine.

[13] Hu, Y., 2013. Novel Compressed Sensing
Algorithms with Applications to Magnetic
Resonance Imaging. PhD thesis, University of
Rochester, New York.

[14]Huang, J.Z., Yang, F., 2012. Compressed
magnetic resonance imaging based on wavelet
sparsity and nonlocal total variation. In:
Proceedings of 9th IEEE International
Symposium on Biomedical, Imaging (ISBI’09),
pp- 968-971.

[15] Zhang, Y., Dong, Z., Ji, G., Wang, S., 2014. An
improved reconstruction method for CS-MRI
based on exponential wavelet transform and
iterative  shrinkage/thresholding  algorithm.
Journal of Electromagnetic Waves and Appl., vol.
28, pp. 2327-2338.

[16]Hao, W., Li, J., Qu, X., Dong, Z., 2013. Fast
iterative contourlet thresholding for compressed

in

(7]

(8]

(9]



Journal of Artificial Intelligence in Electrical Engineering, Vol.13, No.50, July 2024

sensing MRI. Electronics Letters, 49(19), pp.
1206—-1208.

[17]1Hao, W., Li, J., 2015. Alternating total variation
and non-local total variation for fast compressed
sensing magnetic resonance imaging. Electronics
Letters, 51(22), pp. 1740-1742.

[18]Zhang, J., Zhao, D., Xiong, R., Ma, S., Gao, W.,
2014. Image Restoration Using Joint Statistical
Modeling in a Space Transform Domain. IEEE
Trans. Circuits and syst. for Video Technol. 24
(6).

[19]Zhang, J., Zhao, D., Jiang, F., Gao, W., 2013.
Structural group sparse representation for image
compressive sensing recovery. Proc. of IEEE Data
Compress. Conf., pp. 331-340.

[20]Zhang, J., Liu, S., Zhao, D., Xiong, R., Ma, S.,
2013. Improved Total Variation Based Image
Compressive Sensing Recovery by Nonlocal
Regularization. IEEE Int. Symp. on Circuits and
Syst.

[21]He, N., Wang, J.B., Zhang, L.L., Xu, G.M,, Lu,
K., 2016. Nonlocal Sparse Regularization Model
with Application to Image Denoising. Multimed
Tools Appl, 75, pp. 2579-2594.

[22]Huang, J., Zhang, S., and Metaxas, D., 2011.
Efficient MR image reconstruction for
compressed MR imaging. Medical Image
Analysis, vol. 15, pp. 670-679.

[23]Hao, W., Li, J., Qu, X., and Dong, Z., 2013. Fast
iterative contourlet thresholding for compressed
sensing MRIL Electronics Letters, 49(19), p.p.
1206-1208.

[24]Pejoski, S., Kafedziski, V., and Gleich, D., 2015.
Compressed Sensing MRI Using Discrete
Nonseparable Shearlet Transform and FISTA.
IEEE signal processing letters, 22(10).

[25]Liu, Y., Zhan, Z., Cai, J. F., Guo, D., Chen, Z., and
Qu, X, 2016. Projected Iterative Soft-
thresholding Algorithm for Tight Frames in
Compressed Sensing Magnetic Resonance
Imaging. IEEE Trans. on Medical Imaging, vol.
35, p.p. 2130-2140.

[26]Elahi, S., Kaleem, M., and Omer, H., 2018.
Compressively Sampled MR image
Reconstruction Using Generalized Thresholding
Iterative  Algorithm. Journal of Magnetic
Resonance, vol. 286, p.p. 91-98.

40

[27]Chen, Z., Fu, Y., Xiang, Y., Xu, J., and Rong, R.,
2018. A Novel Low-rank Model for MRI Using
the  Redundant Wavelet  Tight
Neurocomputing, vol. 289, p.p. 180-187.

[28]Zhang, Y., Dong, Z., Philips, P., Wang, S., Ji, G.,
and Yang, J., 2015. Exponential Wavelet Iterative
Shrinkage  Thresholding  Algorithm  for
compressed sensing magnetic resonance imaging.
Information sciences, vol. 322, p.p. 115-132.

[29] Lai, Z., Qu, X,, Liu, Y., Guo, D., Ye, J., Zhan, Z.,
and Chen, Z., 2016. Image Reconstruction of
Compressed Sensing MRI Using Graph-based
Redundant Wavelet Transform. Medical Image
Analysis, vol. 27, p.p. 93-104.

[30]Ravishankar, S., and Bresler, Y., 2011. MR Image
Reconstruction From Highly Undersampled k-
space Data by Dictionary Learning. IEEE Trans.
Medical Imaging, 30(5), p.p. 1028-1041.

[31] Chen, Y., Ye, X., Huang, F., 2010. A novel
method and fast algorithm for MR image
reconstruction with significantly under-sampled
data. Inverse Probl. Imaging, 4(2), p.p. 223-240.

[32] Shi, B., Lian, Q., and Chen, S., 2016. Compressed
Sensing Magnetic Resonance Imaging Based on
Dictionary Updating and Block-Matching and
Three-dimensional Filtering Regularisation. IET
Image Processing, vol. 10, p.p. 68-79.

[33] Qu, X., Hou, Y. K., Lam, F., Guo, D., Zhong, J.
H., and Chen, Z., 2014. Magnetic resonance image
reconstruction from undersampled measurements
using a patch-based nonlocal operator. Med.
Image Anal., vol. 18, p.p. 843-856.

[34]Liu, S., Cao, J., Wu, G., Liu, H., Tan, X., and
Zhou, X., 2018. CS-MRI Reconstruction via
Group based Eigenvalue Decomposition and
Estimation. Neurocomputing, vol. 283, p.p. 166-
180.

[35]Chen, Z., Xiang, Y., Zhang, P. and Hu, J., 2023.
Robust compressed sensing MRI based on

Frame.

combined nonconvex regularization. Knowledge-
Based Systems, 268, p.110466.



