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ABSTRACT

Magnetic Resonance Imaging (MRI) image reconstruction
based on a frequency domain Super-Resolution (SR) algo-
rithm, is presented in the paper. It is shown that the ap-
proach improves MRI spatial resolution in cases when Peri-
odically Rotated Overlapping Parallel Lines with Enhanced
Reconstruction (PROPELLER) sequences are used. The
PROPELLER MRI method collects data in rectangular
‘blades’ rotated around the origin of the k-space. Inter-blade
patient motion is the premise for the use of SR technique.
Images obtained from sets of irregularly located frequency
domain samples are combined into the high resolution MRI
image. The SR reconstruction replaces the usually applied
direct averaging of low-resolution images. We extended it-
erative back projection approach to consider also tissue
movement. Our approach has been based on simple premise,
that LR blade images may be segmented into areas with
coherent motion trajectory. Appropriately processed sub-
images are combined into one Super-Resolution image by a
modified IBP scheme. Our algorithm covers a cardiac and
respiratory movements. The improvements resulted in lower
approximation error and higher convergence speed.

1. INTRODUCTION

Magnetic resonance imaging (MRI) is well known as a non-
invasive method routinely used to produce high-quality im-
ages of the body’s internal tissues. One of its most promis-
ing techniques currently available is Periodically Rotated
Overlapping Parallel Lines with Enhanced Reconstruction
(PROPELLER) MRI. The Motion of a subject during the
MRI acquisition generates artifacts and blurring in the re-
sulting image. The PROPELLER technique usually reduces
motion artifacts in MRI. Algorithms applied by
PROPELLER MRI to estimate and compensate for rigid-
body patient motion has been extensively analyzed [19].

Super-resolution (SR) is a group of methods aimed at ob-
taining high resolution images from sets of low-resolution
ones. The motion between low-resolution images is the key
premise here. In case of MRI if the imaging volume is ac-
quired two or more times with small spatial shifts between
acquisitions, a combination of data sets by an iterative SR
algorithm gives improved resolution and better edge defini-
tion in the slice-select direction than simple low-resolution
images averaging. For the first time some SR techniques
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have been applied to MRI in [18]. R. Peeters proposed MRI
SR algorithm to reduce slice thickness in functional MRI
[14]. Greenspan et al. [13] proposed MRI reconstruction
using SR which improved spatial resolution in cases when
spatially-selective RF pulses are used for localization. In this
paper frequency domain SR image reconstruction method is
used for improving PROPELLER MRI. Low-resolution
images are obtained from frequency-domain blades by the
conjugate gradient method with non-uniform FFT (NUFFT)
at its core [12]. It is shown that, indeed, the new technique
enhances the PROPELLER MRI images.

The majority of previous SR papers have considered only
global, relative displacements between set of low resolution
images. In [8] authors proposed a super-resolution method
reconstructing tracked objects. However, effective tracking
is not always possible. In this paper we are trying to over-
come these limitations. We describe a super-resolution
method for images containing tissues motion. The motion
information is evaluated by a nested motion trajectories
scheme. First of all, multiple moving segments are isolated.
The motion trajectory models may be characterized by pa-
rametric model, such as affine transformations. In other
words, such extracted image parts are related by coherent
relative, global, locally constant parametric motion vector.
Such approach allowed us to think about dynamic scenes as
if they were static. Very high accuracy parametric motion
estimation and simultaneous segmentation of the motion
field is realized by 3D orientation tensors with respect to the
affine motion model. The introductory processing part to be
presented consists of: estimation of 3D orientation tensors,
estimation of motion models parameters, and simultaneous
segmentation of the motion field, respectively. The algo-
rithm is a generalized version of that of Irani and Peleg’s
one.

2. PROPELLER DATA ACQUISITION

The data acquisition procedure for Diffusion Tensor Tomo-
graphy MRI (DTT MR) imaging is based on the
PROPELLER method proposed in Cheryauka (2004).
Here, the resulting k-space trajectories are called blades, as
frequency-domain image is acquired along collections of
straight lines forming rectangular patterns (“blades™), see
Figure 1. K-space is covered by rotating those blades around
the centre of the k-space. The key idea of PROPELLER is



that the circular region at the centre of the k-space is cov-
ered by many blades. Due to data redundancy, effective in-
formation correction can be performed to reduce patient
motion artefacts and to improve the SNR. The PROPELLER
technique offers an opportunity to choose the diffusion gra-
dient direction while acquiring each k-blade. The conven-
tional procedure is to acquire a full set of PROPELLER data
with a fixed direction of the diffusion gradient and to recon-
struct the corresponding component of the tensor.
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Figure 1 — PROPELLER blades, dash lines show a single data blade
(see online version for colours).

3. MRI IMAGE RECONSTRUCTION

Recently, sampling of MR signals on a rectangular regu-
larly sampled grid in k-space has been the most popular
acquisition method. This regularity was motivated by the
use of an easy image reconstruction technique based on the
Fast Fourier Transform. Presently, non-uniform sampling
patterns of the k-space, such as radial, spiral, or
PROPELLER, are gaining importance in various MRI ap-
plications. The image reconstruction techniques for arbi-
trary irregularly sampled grids may be divided into two
groups. The first one, called regridding, consists of compu-
tationally inexpensive resampling and interpolation of a
kernel function into a regularly sampled grid. The next
group employs numerical optimization methods that mini-
mize a least-squares cost function. Optimization procedures
may consider nonuniform coil sensitivity and off-resonance
effects, improve noise suppression, and provide a robust
solution within a larger parametric domain [14]. These
methods have proved their effectiveness in many clinical
applications and imaging methods, while non-uniform ac-
quisition schemes show their capability to suppress noise
and to reduce artifacts caused by motion and by eddy cur-
rents in functional [15], cardiac [19], arterial [17], and spine
[21] imaging as well as others. In the iterative method of
reconstructing field-corrected MR images presented in the
paper we use a min—max criterion to derive the temporal
interpolator [12]. This interpolator provides fast, accurate,
field-corrected image reconstruction even when the field
map is not smooth. There are two major steps in most
methods for field-corrected MR image reconstruction.
Firstly, it is necessary to obtain an estimate of the field map
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that deals with the spatial distribution of magnetic field
inhomogeneities. In this paper, field-corrected MR image
reconstruction uses the field map to form the reconstructed
image of the transverse magnetization. An accurate, spa-
tially undistorted field map is assumed to be available.
When the field map is obtained, one of methods of field-
corrected image reconstruction, the conjugate phase method
[12] tries to compensate for the phase accrual due to the
off-resonance at each time point. Sutton et al. [12] focused
on field inhomogeneities, one can also apply iterative image
reconstruction methods to compensate for other physical
phenomena such as deviations in k-space trajectory and
relaxation effects. The degradation model applied in the
paper does not require any assumption about its nature, and
is therefore applicable to intersecting k-space trajectories
such as PROPELLER’s blades. The major disadvantage of
iterative reconstruction methods has been their computa-
tional complexity. Fessler and Sutton [12] developed accu-
rate and fast non-uniform fast Fourier transform (NUFFT),
then, the method has been applied to MRI data with spiral
k-space trajectories. Namely, the MR image reconstruction
problem is closely related to the problem of reconstructing
a band-limited signal from nonuniform set of samples in the
frequency domain space. Strohmer suggested the use of
complex exponentials for finite-dimensional approxima-
tions in such problems, and proposed to use an iterative CG
reconstruction method with the NUFFT approach at its core
[22]. In the algorithm presented below NUFFT-“reverse
gridding” and conjugate gradient iterative scheme were
combined. It should be noted, that standard NUFFT method
by itself does not allow for the compensation of field inho-
mogeneity effects because the integral signal equation for
MR is not a Fourier transform when field inhomogeneities
are included. Fessler and Sutton [12] inspired by the time-
segmented conjugate-phase reconstruction approach pro-
posed a fast time-segmented forward projector, and its ad-
joint, that accounts for field effects and uses the NUFFT.
We applied this concept in the PROPELLER blade images
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Figure 2 — The proposed SR MRI image reconstruction scheme.



4. PARTIAL MRI IMAGE RECONSTRUCTION

FROM A SINGLE BLADE

In MR, ignoring relaxation effects, the z-th blade signal
equation is given by Sutton et al. [12]:

s.(t) = J’J}(r)c(r)e—m(r)(HTE)e—izzz(k(t)-r)dr "
where §_(?) is the complex baseband signal at time ¢ dur-
ing the z -th blade readout, 7} is the echo time, f(7) isa
continuous function of the object’s transverse magnetiza-
tion at location 7 immediately following the spin prepara-
tion step, c¢(7)is the sensitivity map of the receiver coil,
olr)is the field inhomogeneity present at 7, and k(t) is
the k -space trajectory. For simplicity we let

S (V ) 17 (” )c(r )e_w(r)TE_ Q)

After discretization z -th blade signal equation is as fol-
lows:

N-1
S, (t) ~ q)(k(t))z ﬁle_iwnte_iZE(k(t)'rn)
" 3

where q)(k (t )) denotes Fourier transform of ¢@(r), the

voxel indicator function [12]. In PROPELLER MRI blade
measurements are noisy samples of the signal (1):

yv,=s)+e,i=1L..M, 4)
where &, denotes noise. Assuming that the dominant noise
is the white Gaussian, we estimate ); by minimizing the
following penalized least-squares cost function

w(f)= % - Af||2 + BR(f). so that,

A

S =argminy(f).

Computation of Af corresponds to evaluation of (3). The

R( f ) is a regularization function, that penalizes the rough-

ness of the estimated image. This regularization can de-
crease the condition number of the image reconstruction
problem and, therefore, speed up the convergence. Non-
quadratic regularization is also used in ill-posed inverse
problems to better preserve edges. Minimization of cost
function is realized iteratively by the conjugate gradient
algorithm [12]. As PROPELLER trajectories in k -space

are not Cartesian grids, multiplication by the matrix A is
the most computationally demanding operation of the con-
jugate gradient algorithm. Nevertheless, a NUFFT can be
used for this purpose to rapidly and accurately evaluate the
discrete signal (3). However, the NUFFT method is not di-
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rectly applicable when the field inhomogeneity is included
because (1) is then not a Fourier transform integral.

5. MR BLADE BASED SEQUENCE

PARTITIONING

Being accurate and powerful, the iterative backprojection
SR algorithm [1] have some drawbacks, e.g. only globally
static scenes may be processed. Then, if we want to apply
the IBP scheme directly, images or video frames should be
segmented into areas with uniform motion. We have de-
vised such segmentation scheme for coherent tissues motion
areas [4], see Figure 2.

5.1 Simultaneous segmentation and velocity estimation

For best results, estimation of affine motion field should
be done over a region with coherent motion. In [4] authors
proposed a different approach, weighted neighbourhoods
around each pixel have been interpreted as regions. In this
section an efficient algorithm for simultaneous segmenta-
tion and velocity estimation, given an orientation tensor
field for only one frame, is presented. The task for the seg-
mentation is to partition the image into a set of disjoint re-
gions, so that each region is characterized by a uniform
motion described by affine model. In this section a region R
is defined to be a nonempty, connected set of pixels. The
segmentation algorithm has been based on a competitive
region growing approach [11].

A cost function C, (x )is associated with each region de-
fined for all pixels in the image. Regions are growing by
adding one pixel at a time. To preserve connectivity the
new pixel must be closest to the region, and to preserve
disjointedness it must not be already assigned to some other
region. The new pixel should be as “inexpensive” as it is
possible. The details are as follows. Let the border AR of
region R be the set of unassigned pixels in the image which
are adjacent to some pixel in R. For each region R, the pos-
sible candidate, N(R), to be added to the region is the least
expensive pixel bordering to R, i.e.

N(R) = argmin C,(x) 5)
The corresponding minimum cost for adding the candidate to
the region is denoted C . (R) In the case of an empty bor-
der, N(R) is undefined and C (R) is infinite. Assuming
that a number of regions {Rn } have been obtained in some
way, the rest of the image is partitioned as follows.

1. Find the region R, for which the cost to add a new pixel

is the least, i.e. leti = argmin, C_. (R, ).

2. Add the least expensive pixel N (Ri ) toR;.

3. Repeat first 2 steps until no unassigned pixels remain.
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Figure 3 — Illustration of the competitive algorithm [4]



Regrowing is performed for one candidate region at a time,
which means that there is no competition between regions
but rather between pixels. At the beginning the candidate
region contains only one point, its starting point, which is
also the centre point of the initial rectangle surrounding it.

The cost function used is (\7T \7)/ trT where v is the veloc-

ity of the candidate region's current motion model. The com-
petitive algorithm is then running until the candidate region
has grown to a specified size. This size is called the candidate

region size, m,, and is a design parameter of the segmenta-
tion algorithm. The result of the regrowing scheme is that the
candidate region consists of 77, connected pixels, that are

most consistent with the candidate region's motion model.
When the candidate region has been regrown, new optimal
parameters are computed. Each candidate region is regrown
twice [11], a number which seems to be sufficient to obtain
reasonably coherent regions.

6. MODIFIED IBP SUPER-RESOLUTION

Starting with an initial guess fo [1] for the high resolution
image, the imaging process is simulated to obtain a set of low

e}

input images {g k} If f, were the correct high resolution

resolution images corresponding to the observed

image (1), then the simulated images {g i } should be identi-

cal to the observed images. The difference images

(g e g,';) are used to improve the initial guess by "back
projecting" each value in difference images onto its core-
sponding field in f, yielding an improved high resolution

image f,. This process is repeated iteratively to minimize

the remaining error. This iterative update scheme can be ex-
pressed by:

R ) Al (TR

where K is the number of low resolution images T arrow an
upsampling operator by a factor s and p is a back projection
kernel determined by h and Tk. Taking the average of all
discrepancies has the effect of reducing noise.

7. EXPERIMENT

In this experiment twenty MRI GE 1.5 T scanner’s blade
based partial frequency images have been taken. Coherent
tissues motion has been included. At the beginning the mo-
tion parameters in the frequency domain space have been
calculated. The next step involved MRI image reconstruction
procedure from single blades.

Twenty shifted images were acquired in order to reconstruct
an SR image with doubled resolution. It is clearly visible that
there are many more details in the high-resolution image
obtained in this way, see Figure 4.
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Figure 4 — From left to right: the image obtained by reconstruction
from a Cartesian frequency grid, the image obtained by “typical”
PROPELLER-MRI procedure, the super reconstructed MRI-
PROPELLER image

8. CONCLUSION AND FUTURE WORK

The new PROPELLER MRI super resolution algorithm,
based on tissues movements analysis, has been presented. In
general, when applying SR to MRI we can break down limits
on inherent resolution of existing MR imaging hardware. The
same can be told about the proposed algorithm, which in
addition does not add significant time to data reconstruction,
if compared to the typical PROPELLER procedure. When
using the new algorithm the overall spatial accuracy and sta-
bility in the field of view of MRI machines are increased.
The algorithm may be easily implemented, as it is based on
well known conjugate gradient NUFFT MRI image recon-
struction algorithm and exploits existing motion in MRI data
blades. Thus, the proposed technique may find applications
in all PROPELLER MRI machines. Moreover, the proposed
scheme takes into account tissues movements.

The new technique may find applications in various image
processing applications, excluding a very hard case of curvi-
linear motion, for instance fine-detailed clouds in the sky.
Presented super-resolution scheme may be especially attrac-
tive in surveillance, tracking, and many more domains where
acquisition of high resolution frames is needed. I will try to
apply the algorithm to different MRI applications in which
motion correction is crucial (cardiac MRI or functional
neuroimaging, i.e. fMRI).
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