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Abstract

Magnetic Resonance Imaging (MRI) is a medical diagnostic tool that has very significant advantages over other
medical imaging modalities. However, it is characterized by long imaging times, reconstruction artifacts as well
as high cost. In this paper, a proposed MRI method that addresses these problems is presented. The method is
based on Compressed Sensing (CS), and the sparsity of k-space coefficients the wavelet transform domain. It
commences with sub-Nyquist acquisition of the k-space data of the image followed by the full k-space
reconstruction in the wavelet transform domain using the Orthogonal Matching Pursuit (OMP) algorithm. The
wavelet coefficients are then transformed into the Discrete Fourier Transform (DFT) domain and then re-
arranged into a vector to reveal the concomitant artifacts. The artifacts are then suppressed using a denoising
apodization function. The denoised coefficients are then transformed into the reconstructed image. The
Structural SIMilarity (SSIM) and the Peak Signal to Noise Ratio (PSNR) quality measures are used to assess the
quality of the resulting images. The results show that this method yields an average PSNR improvement of more
than 1.2 dB over the Stagewise Orthogonal Matching Pursuit (StOMP) method at 20% or more measurements.
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INTRODUCTION be reconstructed techniques using optimization or
A band-limited analogue signal that is uniformly iterative methods (Candes & Tao, 2006; Foucart &
sampled at a rate that is equal to or greater than twice Rauhut, 2013; Yonina & Kutyniok, 2012).Magnetic
its highest frequency can exactly be reconstructed Resonance Imaging (MRI) is a non-invasive
from the samples. This statement is termed the technique that utilizes the interaction between
Shannon-Nyquist sampling theorem. When this precessing nuclei and a Radio Frequency (RF) signal.
theorem is applied in the acquisition of some signals Unlike computed tomography (CT) that uses ionizing
such as in Magnetic Resonance Imaging (MRI), it X-rays, MRI uses non-ionizing RF radiations that are
leads to excessively long scan times. For signals that non-carcinogenic. Magnetic Resonance (MR) images
are sparse or compressible, the long acquisition times of soft-tissue organs expose focal lesions and tumors
can be reduced by taking incomplete measurements better than CT images. The MRI modality uses
from which the signal can be reconstructed using gadolinium-based contrast agents which are less
techniques that are referred to as Compressive likely to produce allergic reactions in patients as
Sampling or Compressed Sensing (CS) (Kiragu, opposed to the iodine-based contrast materials used
Mwangi & Kamucha, 2017; Candes & Wakin, 2008; in CT. However, the MRI scan time ranges from a
Kustner et al., 2016). Conventional CS acquisition few minutes to several hours. Infants and some adults
can be modeled as a multiplication of the signal by a experience difficulty in remaining motionless for

sensing matrix that has fewer rows than columns]. these long periods. The MRI process usually results
This sensing matrix is created in a way that reduces in image artifacts that may lead to misdiagnosis of a
the required number of measurements. It also allows medical condition.

unique reconstruction of the signals from their

measurements. The CS theory gives a suitable basis of reducing the

scan time in MRI since the MR images are
To allow this unique reconstruction, the measurement compressible in the Fourier and wavelet domains
process should preserve all the information in the (Hashemi, Bradley & Lisanti, 2010; Haacke, Brown,
signal (Nandini, 2014; Qianru et al., 2017; Baraniuk, Thompson & Venkatesan, 1999; Vasanawala et al.,
Cevher, Duarte& Hegde, 2010). This requirement is 2009). A CS-MRI simulation that makes use of the
guaranteed if the matrix satisfies the Restricted wavelet domain k-space data is proposed in [Liu,
Isometry Property (RIP). Random matrices whose Nutter & Mitra, 2013]. The algorithm gives
entries are independent and identically distributed recovered images of good quality. However, the
satisfy the RIP requirement and also lead to a small method requires major modifications of the MRI
number of measurements. The CS acquired signal can equipment to enable acquisition of wavelet encoded
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k-space data. The CS-MRI reconstruction method
presented in (Zangen, Khan, Paul & Ran, 2013)
results in high fidelity edges reconstruction as well as
few artifacts. However, this is obtained at the expense
of high computational complexity and is therefore not
suitable in real time MRI. The algorithm proposed in
this paper reconstructs MR images from their under-
sampled DFT domain k-space data. The method
incorporates DFT domain apodization to improve its
robustness to reconstruction concomitant

artifacts.The rest of this paper is organized as follows:

the first section gives a brief theory on MRI, CS and
image quality measures. Next, the proposed
algorithm is presented. followed by some test results.
Finally, a conclusion of the paper, suggestions for
further works as well as some of the reference
materials used in this paper are given.

THEORETICAL BACKGROUND

This section outlines the background theory that is
applied in the paper. It covers theory on: Compressed
Sensing (CS), Magnetic Resonance Imaging (MRI)
and image quality metrics.

Magnetic Resonance Imaging

Nuclei of elements that have an odd number of
protons and/or neutrons possess a magnetic dipole
moment and can be used in MRI. Hydrogen protons
are commonly used due to their abundance in the
human body. When the protons are subjected to a
strong static external magnetic field their magnetic
dipole moments align with the field and also precess
about its axis at the Larmor frequency which is given
by;

wy = YyBp

where wo is called the gyromagnetic ratio of the
spinning charged particle. For the hydrogen proton,
42.6 MHz/T (Hashemi et al., 2010). The aggregate of
the dipole moments of the precessing protons result
in a net magnetization Proper stimulation of the
hydrogen protons by a resonant and transverse RF
magnetic field B; forces the net magnetization of the
protons to flip in a spiral motion (nutate) from the
axis of into a plane perpendicular. A transverse
component of the magnetization is produced as a
result of the flipping. When the applied RF excitation
field is removed, the protons precess in the static field
as they realign with the axis. This realignment
generates an RF signal at the Larmor frequency
known as the Free Induction Decay (FID) signal. The
signal is detected by the MRI receiver coils and used
to generate the MR image (Haacke et al., 1999). The
FID signal can also be expressed as;

S(kp by ky) = ﬂ j p(r)e TR T gy,
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frequency vector. The FID signal is therefore the
three dimensional Fourier transform of the spin
density function. This Fourier domain representation
of the MR image is referred to as the k-space. When
the selected body slice is thin, the FID signal
becomes the two-dimensional Fourier transform of
spin density function as;

Imzr J"mzr

S{kx* k_].'.) = J‘ J‘ plx, jr‘]ﬁ?_‘j.z'?m"“k-"}.:'dxdy.

Emin  Fmin

The MR image of the body slice is proportional to its
spin density. It is obtained by evaluating the Inverse
Fourier transform of the k-space as follows;

fymax Kymoe

Iy} =K [ J‘ s(kpkl_]gii:(kzr+kyyjdk

ky'm.ir: Hymin
(Haacke et al., 1999).

Compressed Sensing

Compressed Sensing (CS) accomplishes both sensing
and compression of sparse signals in one step. A
sparse signal of length requires measurements to
capture adequate information to eventually
reconstruct the signal. The measurement vector

given by:
y = ®f,
)

The matrix is designed in such a way as to reduce the
length of the measurement vector as much as possible.
The matrix should also allow the reconstruction of a
wide class of sparse signals from their measurement
vectors. Since the measurement matrix is rank-
deficient, an infinite number of signals yield the same
measurement vector. The N-length signal f can be
expressed as;

f=Vx

matrix should preserve the information in the signal
so as to enable its correct reconstruction from its
measurement vector. To achieve this, the matrix
should posses the Restricted Isometry Property (RIP)
(Yonina & Kutyniok, 2012; Foucart & Rauhut, 2013).
The matrix A satisfies the RIP of order S if there
exists a small number € (0,1) such that;

(1 — g Mlxllz = A=l = (1 + &) llllz,

holds for all S-sparse vectors x [13]. The RIP holds
for any sensing matrix if is an arbitrary representation
matrix and is a measurement matrix that obeys the
RIP (Yonina & Kutyniok, 2012). The best
reconstruction of the sparse signal can be achieved
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through minimization of the /p-norm of the signal
coefficients subject to the measurement vector
constraint.

Although this approach is however Non-deterministic
Polynomial (NP) hard problem (Foucart & Rauhut,
2013). Tractable CS reconstruction algorithms
include optimization and greedy methods. The
optimization methods are such as the /;-minimization
and the Least Absolute Shrinkage and Selection
Operator (LASSO). The LASSO method estimates
the coefficients of a noisy sparse signal by solving
the following least-squares problem;

minlly — Axll3 subjectto lIxll, = =

(10)

It is a regularisation parameter that is dependent on
the noise variance. Greedy algorithms iteratively
approximate the coefficients of the signal by
improving its estimate as well as its support during
each iteration. The iterations are repeated until a
convergence criterion is satisfied. Two of the
commonly used iterative algorithms are the Matching
Pursuit (MP) and the Orthogonal Matching Pursuit
(OMP) (Foucart & Rauhut, 2013).

Image Quality Metrics

The Peak Signal to Noise Ratio (PSNR) is an image
quality measure that is simple to compute but does
not match well with the human visual system (HVS)
characteristics. The Structural SIMilarity (SSIM)
index is however consistent with the judgment of the
HVS (Wang & Bovik, 2004). The SSIM index
between a ground-truth image and the reconstructed

(z.ﬁxu'ug + El_){z ﬂxg + c:}
(a2+ 42 +C.) (o7 + 07+ C,)
(11)

551M(z. g) =

THE PROPOSED METHOD

The proposed CS-MRI method and the apodization
function are presented in this section. The algorithm
reduces the image scan time while at the same time
suppressing the high frequency reconstruction noise
artifacts.

The Algorithm

The method involves acquisition of randomly under
sampled k-space data of the MR image. This is
achieved by randomly selecting some of the phase
encoding steps to acquire a fraction of the k-space.
The full k-space data is then reconstructed in the Haar
DWT domain using the OMP algorithm. This step is
followed by inverse DWT transformation to generate
the reconstructed DFT k-space vector as illustrated in
fig. 1. The reconstructed vector is then denoised by
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multiplying it by a proposed raised-cosine denoising
function

The denoised coefficients vector is then converted
into a matrix and finally its inverse DFT obtained to
yield the output image. In order to test the algorithm,
a retrospective approach for generation of the under-
sampled MRI k-space data was used. A ground-truth
MR image was converted into its vectorized k-space
data by first obtaining its 2D-DFT matrix. The matrix
is then reorganized into k-space data by swapping its
first quadrant with the third and the second quadrant
with the fourth. The k-space data is then vectorized
prior to being under-sampled using a random sub-
Gaussian measurement matrix. This under-sampled
k-space data is then used to reconstruct the full DFT
k-space data following the steps outlined in fig. 1.
The reconstructed k-space vector has only a few
significant coefficients that are clustered at its centre.
The coefficients profile was used to guide the choice
of the denoising apodization function w(n) given by ;

win) = 0.5(1 + cos (2ZwN)),
for where N is the total number of pixels in the image

RESULTS AND DISCUSSIONS

In this section, some computer simulation results and
a statistical summary of the proposed method are
presented. Twenty-three MR images from several
sources among them the Siemens Healthineers (2018)
were used in the experiments. The input images used
in the experiments were first re-sized using bicubic
interpolation and then cropped into sizes of between
2048 pixels and 4096 pixels in order to reduce their
reconstruction times without adversely compromising
their quality.

Reconstruction Quality Comparison

The CS reconstruction results of the OMP, the
StOMP as well as the proposed method at 40%
measurements are shown in fig. 2. Column (a)
presents the ground-truth images while column (b)
shows the reconstruction results of the OMP method.
The reconstruction results of the StOMP and the
proposed method are presented in columns (¢) and (d)
respectively. The images reconstructed using the
proposed methods are visually less noisy than the
images reconstructed using the other two methods.
Figure 3 shows the reconstruction results of the
proposed method for two different pixels images
(knee and lower leg) at different percentage
measurements. Column (a) shows the ground-truth
images while column (b) shows the images
reconstructed using 20% measurements. The
reconstruction results at 40% and 60% measurements
are presented in columns (¢) and (d) respectively.
There is little visually perceptible degradation in the
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quality of the images reconstructed using at least 40% reconstructed using the OMP as well as the StOMP
measurements. methods. The results show that the proposed method

consistently yielded better quality of reconstruction
The PSNR values of a kidney image reconstructed than the other two methods in terms of the PSNR
using the proposed method at different percentage measure

measurements are presented in table 1. Also included
in the table are the PSNR values of the same image

(a) (b) (©) (@
Figure 2. Reconstruction results of different methods. (a) The ground-truth images, (b) The OMP result, (c) The

StOMP result, (d) Proposed method results.

(b) (©) (d)

Figure 3. Reconstruction results of the proposed method.
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Table 1. The PSNR quality analysis results

Image M/N (%) OMP StOMP ProposedMethod
10 15.77 15.42 16.73
20 18.51 18.75 19.35
30 21.36 20.50 22.19
40 22.64 22.95 24.51
50 24.61 23.85 25.99
60 26.65 25.16 27.27

Graphical comparison of the performance of the
proposed algorithm to both OMP and the StOMP
methods are presented in fig. 4. The graphs show that
the proposed method reconstructs images of better
quality than both the OMP and StOMP methods. For
example, quality improvement in terms of PSNR is
about 1.8 dB with 30% measurements for the spine
image. The implication here is that, for a given image
quality produced by either OMP or StOMP methods,
the proposed method requires about 10% fewer
measurements. This further implies an imaging scan
time reduction by the proposed method for a given
image quality.

PLOTS OF THE PSNR VERSUS PERCENTAGE MEASUREMENTS
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Figure 4. Comparison of the proposed method to
other CS reconstruction methods.
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Figure 5. Statistical comparison of the proposed
method to other CS reconstruction methods. (a)
Mean PSNR comparison, (b) The SSIM standard
deviation variation.
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Statistical Summary

A statistical summary of the experimental results is
presented graphically in fig. 5. The plots show the
variations of the mean PSNR quality metric with the
percentage measurements. The proposed method
yields relatively better quality images than the other
two methods. For 20% or more measurements,
StOMP method requires more than 10% more
measurements to reconstruct images of the same
quality as the images reconstructed using the
proposed method. The reduction in measurements is
equivalent to a scan time reduction of more than
10% .

CONCLUSION

A proposed CS-based procedure for reconstruction of
quick-scanned MR images has been presented. The
method incorporates a DFT domain denoising step to
increase its robustness to reconstruction noisy
artifacts. Simulation results have been used to
demonstrate that the method yields images with
better quality than some conventional CS-MRI
methods. This research will be further pursued with a
view of improving the sensing mechanism as well as
developing a more effective reconstruction and
denoising techniques.
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