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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 overcome 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 parametric 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 algorithm is a generalized version of that of Irani and Peleg’s
one.

ABSTRACT
Magnetic Resonance Imaging (MRI) image reconstruction
based on a frequency domain Super-Resolution (SR) algorithm, is presented in the paper. It is shown that the approach improves MRI spatial resolution in cases when Periodically 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 iterative 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 subimages 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 noninvasive method routinely used to produce high-quality images of the body’s internal tissues. One of its most promising 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 resulting image. The PROPELLER technique usually reduces
motion artifacts in MRI. Algorithms applied by
PROPELLER MRI to estimate and compensate for rigidbody patient motion has been extensively analyzed [19].
Super-resolution (SR) is a group of methods aimed at obtaining 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 acquired 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 definition in the slice-select direction than simple low-resolution
images averaging. For the first time some SR techniques
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2.

PROPELLER DATA ACQUISITION

The data acquisition procedure for Diffusion Tensor Tomography 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
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that the circular region at the centre of the k-space is covered by many blades. Due to data redundancy, effective information correction can be performed to reduce patient
motion artefacts and to improve the SNR. The PROPELLER
technique offers an opportunity to choose the diffusion gradient direction while acquiring each k-blade. The conventional procedure is to acquire a full set of PROPELLER data
with a fixed direction of the diffusion gradient and to reconstruct the corresponding component of the tensor.

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, spatially undistorted field map is assumed to be available.
When the field map is obtained, one of methods of fieldcorrected 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 computational complexity. Fessler and Sutton [12] developed accurate 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 approximations 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 inhomogeneity 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 timesegmented conjugate-phase reconstruction approach proposed a fast time-segmented forward projector, and its adjoint, that accounts for field effects and uses the NUFFT.
We applied this concept in the PROPELLER blade images
reconstruction scheme.

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 regularly 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 applications. The image reconstruction techniques for arbitrary irregularly sampled grids may be divided into two
groups. The first one, called regridding, consists of computationally inexpensive resampling and interpolation of a
kernel function into a regularly sampled grid. The next
group employs numerical optimization methods that minimize 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 acquisition schemes show their capability to suppress noise
and to reduce artifacts caused by motion and by eddy currents 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

Figure 2 – The proposed SR MRI image reconstruction scheme.
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rectly applicable when the field inhomogeneity is included
because (1) is then not a Fourier transform integral.
4.

PARTIAL MRI IMAGE RECONSTRUCTION
FROM A SINGLE BLADE

5.

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 devised such segmentation scheme for coherent tissues motion
areas [4], see Figure 2.

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

s z (t ) = ∫ f (r )c(r )e −iω (r )(t +TE )e −i 2π ( k ( t )⋅r ) dr

(1)

where s z (t ) is the complex baseband signal at time
~ t during the z -th blade readout, TE is the echo time, f ( r ) is a
continuous function of the object’s transverse magnetization at location r immediately following the spin preparation step, c(r ) is the sensitivity map of the receiver coil,
ω (r ) is the field inhomogeneity present at r , and k (t ) is
the k -space trajectory. For simplicity we let

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 segmentation and velocity estimation, given an orientation tensor
field for only one frame, is presented. The task for the segmentation is to partition the image into a set of disjoint regions, 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 R ( x ) is associated with each region defined 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 ∆R 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 possible candidate, N(R), to be added to the region is the least
expensive pixel bordering to R, i.e.
(5)
N ( R) = arg min C R ( x )

~
f (r ) = f (r )c(r )e −ω (r )TE .
(2)
After discretization z -th blade signal equation is as follows:
N −1

s z (t ) ≈ Φ (k (t ))∑ f n e −iωnt e −i 2π ( k ( t )⋅rn )
n =0

. (3)
where Φ (k (t )) denotes Fourier transform of φ (r ) , the
voxel indicator function [12]. In PROPELLER MRI blade
measurements are noisy samples of the signal (1):

yi = s (ti ) + ε i , i = 1,..., M ,

(4)

where ε i denotes noise. Assuming that the dominant noise
is the white Gaussian, we estimate yi by minimizing the
following penalized least-squares cost function

ψ(f )=

1
y − Af
2

2

MR BLADE BASED SEQUENCE
PARTITIONING

+ βR( f ) , so that,

^

f = arg minψ ( f ) .

x∈∆R

f

The corresponding minimum cost for adding the candidate to
the region is denoted C min (R ) . In the case of an empty bor-

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

der, N(R) is undefined and C min (R ) is infinite. Assuming

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

that a number of regions {Rn } have been obtained in some

ness of the estimated image. This regularization can decrease the condition number of the image reconstruction
problem and, therefore, speed up the convergence. Nonquadratic 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 conjugate 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-

way, the rest of the image is partitioned as follows.
1. Find the region Ri for which the cost to add a new pixel
is the least, i.e. let i = arg min n C min ( Rn ) .

2. Add the least expensive pixel N (Ri ) to Ri .

3. Repeat first 2 steps until no unassigned pixels remain.

Figure 3 – Illustration of the competitive algorithm [4]
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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 (vˆTvˆ ) / trT where v is the velocity of the candidate region's current motion model. The competitive algorithm is then running until the candidate region
has grown to a specified size. This size is called the candidate
region size, m0 and is a design parameter of the segmenta-

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 MRIPROPELLER image

tion algorithm. The result of the regrowing scheme is that the
candidate region consists of m0 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.

8.

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 stability 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 reconstruction 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 curvilinear motion, for instance fine-detailed clouds in the sky.
Presented super-resolution scheme may be especially attractive 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).

MODIFIED IBP SUPER-RESOLUTION

Starting with an initial guess f 0 [1] for the high resolution
image, the imaging process is simulated to obtain a set of low
resolution images
input images

{g ( ) } corresponding to the observed

{g } If

0
k

f 0 were the correct high resolution

k

image (1), then the simulated images

{g } should be identik

cal to the observed images. The difference images

(g

k

)

− g kn are used to improve the initial guess by "back

projecting" each value in difference images onto its coresponding field in f 0 , yielding an improved high resolution
image f 1 . This process is repeated iteratively to minimize
the remaining error. This iterative update scheme can be expressed by:

f ( n +1) = f ( n ) +

1
K

K

∑T

−1
k

((( g k − g k( n ) ) ↑ s ) * p)

k =1

where K is the number of low resolution images ↑ 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.

CONCLUSION AND FUTURE WORK

REFERENCES
[1] M. Irani and S. Peleg, Improving Resolution by Image
Registration, CVGIP: Graphical Models and Image Processing Vol. 53, No. 3, May, pp. 231-239, 1991
[2] G. H. Granlund and H. Knutsson. Signal Processing for
Computer Vision. Kluwer Academic Publishers, 1995.
[3] H. Knutsson. Representing Local Structure Using Tensors. In The 6th Scandinavian Conference on Image Analysis, pages 244.251, Oulu, Finland, June 1989. Report
LiTH.ISY.I.1019, Computer Vision Laboratory, Linköping
University, Sweden, 1989.
[4] G. Farnebäck, Fast and Accurate Motion Estimation using Orientation Tensors and Parametric Motion Models. In
Proceedings of 15th ICPR, volume 1, pages 135. 139, Barcelona, Spain, September 2000. IAPR.

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 motion 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.

33

[5] Gilles, S. Description and experimentation of image
matching using mutual information. Tech. rep., Dep. of Engineering Science. Oxford University, 1996.
[6] R. Adams and L. Bischof. Seeded region growing.
16(6):641.647, June 1994.
[7] S. Borman, R. L. Stevenson, Super-Resolution from Image Sequences - A Review, MWSCAS, 1998.
[8] M.Irani, S. Peleg, Motion Analysis for Image Enhancement: Resolution Occlusion, and Transparency, Pattern
Recognition Letters, Volume 24, Issue 1-3, 2003
[9] Kent, P. Multiresolution image registration. IEEE Colloquium on Multiresolution Modelling and Analysis in Image
Processing and Computer Vision, 1995.
[10] R. Stasinski, J. Konrad, “POCS-base image reconstruction from irregularly-spaced samples,” In Proc. Int. Conf. on
Image Processing, ICIP-2000 Sep. 10-13, 2000, Vancouver,
BC, Canada.
[11] G. Farnebäck, Very High Accuracy Velocity Estimation
using Orientation Tensors, Parametric Motion, and Simultaneous Segmentation of the Motion Field, ICCV, 2001.
[12] Fessler J. A. and Sutton B. P. (2003), ‘Nonuniform fast
Fourier transforms using min–max interpolation’, IEEE
Trans. Signal Processing, Vol. 51, No. 2, February, pp. 560–
574.
[13] Greenspan H., Oz G., Kiryati N., and Peled S. (2002),
‘MRI inter-slice reconstruction using super-resolution’,
Magnetic Resonance Imaging, Vol. 20, pp. 437—446.
[14] Kornprobst P. (2002), ‘Superresolution in MRI and its
influence in statistical analysis’, Rapport de recherche de
l'INRIA S. Antipolis, ODYSSEE, Equipe.

[15] Lee AT, Glover G.H. (1995) ‘Motion artifacts in fMRI:
comparison of 2DFT with PR and spiral scan methods’
Magnetic Resonance Med. , Vol. 33, pp. 624–635.
[16] Malczewski K., Stasinski R. (2006), ‘Generalized Iterative Back-Projection Algorithm for Super-Resolution Moving and Static Object Extraction’, IWSSIP, International
Workshop on Systems, Signals and Image Processing,
Poznan.
[17] Meyer CH, Hu BS, Nishimura DG, Macovski A. (1992)
‘Fast spiral coronary artery imaging. Magnetic Resonance
Med., Vol. 28, pp. 202–13.
[18] Peled S., Yeshurun Y. (2001), ‘Superresolution in MRI:
Application to Human White Matter Fiber Tract Visualization by Diffusion Tensor Imaging’, Magnetic Resonance in
Medicine, Vol. 45, pp. 29–35.
[19] Pipe J. G. (1999), ‘Motion correction with
PROPELLER MRI: application to head motion and freebreathing cardiac imaging.’ Magnetic Resonance Med., Vol.
42, pp. 963–969.
[20] Cheryauka A. (2004), ‘MRI diffusion tensor reconstruction with PROPELLER data acquisition’, Magnetic Resonance Imaging, Vol. 22, pp. 139–148.
[21] Zhou XJ, Leeds NE, Pipe J G, Ma, X. (2002) ‘Diffusion-weighted imaging of the human spine using
PROPELLER’ Proc. 10th Meeting of International Society
for Magnetic Resonance in Medicine, p. 1117.
[22] Strohmer T. (1997) ‘Computationally attractive reconstruction of band-limited images from irregular samples’,
IEEE Trans. Image Proc., Vol. 6 No. 4, pp. 540-548.

34

