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Abstract

This paper concerns a novel application of machine learning to magnetic resonance imaging (MRI) by considering

neural network models for the problem of image reconstruction from sparsely sampled k-space. E�ective solutions to

this problem are indispensable especially when dealing with MRI of dynamic phenomena since then, rapid sampling in

k-space is required. The goal in such a case is to reduce the measurement time by omitting as many scanning tra-

jectories as possible. This approach, however, entails underdetermined equations and leads to poor image recon-

struction. It is proposed here that signi®cant improvements could be achieved concerning image reconstruction if a

procedure, based on machine learning, for estimating the missing samples of complex k-space were introduced. To this

end, the viability of involving supervised and unsupervised neural network algorithms for such a problem is considered

and it is found that their image reconstruction results are very favorably compared to the ones obtained by the trivial

zero-®lled k-space approach or traditional more sophisticated interpolation approaches. Ó 2001 Published by Elsevier

Science B.V.
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1. Introduction

The MR image is actually a map of the very
weak magnetization, originated from some of the
atomic nuclei in the body tissue, in the presence of
an external magnetic ®eld. Since this magnetiza-
tion is proportional to the density of those nuclei,

the MR image shows the distribution of the se-
lected atoms. Because of the large hydrogen con-
centration, soft tissue is easily seen in proton MR
images, that show even the small di�erences due to
their di�erent chemical composition. A data ac-
quisition process is needed to form the MR im-
ages. Such data acquisition occurs in the spatial
frequency (k-space) domain where sampling theo-
ry determines resolution and ®eld of view. k-space
is an imaginary space (comprising of complex
values) whose coordinates are in terms of phase
and frequency for conventional imaging and in
terms of phase in 2 or 3 dimensions for 2-D and
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3-D chemical shift imaging. The k-space matrix is
to obtain the familiar spatial dimensions. Strate-
gies for reducing image artifacts are often best
developed in this domain. After obtaining such a
k-space matrix, image reconstruction involves fast
multi-dimensional inverse Fourier transforms, of-
ten preceded by data interpolation and re-sam-
pling.

Sampling the k-space matrix occurs along suit-
able trajectories (Basic Principles of MR Imaging,
1995). Ideally, these trajectories are chosen to
completely cover the k-space according to the
Nyquist sampling criterion. The measurement time
of a single trajectory can be made short. However,
prior to initiating a trajectory, return to thermal
equilibrium of the nuclear spins needs to be
awaited. The latter is governed by an often slow
natural relaxation process that is beyond control
of the scanner and impedes fast scanning. There-
fore, the only way to reduce scan time in magnetic
resonance imaging (MRI) is to reduce the overall
waiting time by using fewer trajectories, which in
turn should individually cover more of k-space
through added curvatures. This fast scanning ap-
proach in MRI is indispensable when dynamic
phenomena are considered, as for instance, in
functional MRI. Although, however, such trajec-
tory omissions achieve the primary goal, i.e., more
rapid measurements, they entail undersampling
and violations of the Nyquist criterion thus, lead-
ing to concomitant problems for image recon-
struction.

The above mentioned rapid scanning in MRI
problem is highly related with two other ones.
First is the selection of the optimal scanning
scheme in k-space, i.e., the problem of ®nding the
shape of sampling trajectories that more fully
cover the k-space using fewer number of trajecto-
ries. Second one is associated with image estima-
tion from fewer samples in k-space, i.e., the
problem of omitting as many trajectories as pos-
sible without attaining worse results concerning
image reconstruction.

Regarding the former issue, mainly three alter-
native shapes of sampling trajectories have been
considered in the literature and are used in actual
scanners, namely, Cartesian, radial and spiral
(Stijnman et al., 1997). The last two of them are
shown in Fig. 1, presenting di�erent advantages
and disadvantages.

Both Cartesian and radial trajectories are
straight lines. However, the former start at edge of
k-space where the signal is weakest, whereas the
latter start at the centre of k-space where the
signal is strongest. An obvious advantage of
Cartesian scanning is that all sample positions
coincide with a uniform rectangular grid, allowing
very fast image reconstruction simply using the
inverse 2-D FFT. Advantages of radial scanning
are: less sensitivity to motion of the patient and
the ability to deal with possible very fast decays of
signals. A disadvantage of radial scanning is that
the data are not amenable to direct application of
the inverse 2-D FFT, which signi®cantly slows

Fig. 1. Spiral (left) and radial (right) scanning trajectories in k-space (white area). For the spiral sampling, out of 60 trajectories

covering the complete k-space, the ®rst 30 trajectories are omitted, while for the radial only 128 trajectories have been sampled.
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down the reconstruction process. In this case, the
image can be obtained by using the Projection
Reconstruction approach (Stijnman et al., 1997),
the linogram method (Stijnman et al., 1997) or the
SRS±FT (Stijnman et al., 1997) approach. Finally,
spiral trajectories, being strongly curved, cover
much more k-space than Cartesian and radial
trajectories do. As a result, fewer spirals are
needed to satisfy the Nyquist sampling criterion
everywhere.

Concerning the second issue, the main result of
the scan trajectories omissions is that we have
fewer samples in k-space than needed for esti-
mating all pixel intensities in image space.
Therefore, there is an in®nity of MRI images that
satisfy the sparse k-space data and thus, the re-
construction problem becomes ill-posed. Addi-
tionally, omissions usually cause violation of the
Nyquist sampling condition. Despite the fact that
solutions to this second problem are urgently
needed, in functional MRI, for instance, very few
research e�orts exist in the literature. Several
approaches, however, could be applied to cope
with the image reconstruction problem from
sparse k-space data. The most obvious and sim-
plest such method is the so called ``zero-®lling the
k-space'', i.e., all missing points in k-space acquire
complex values equal to zero. Subsequently, im-
age reconstruction is achieved as usual, by ap-
plying the inverse Fourier transform to the
corresponding k-space matrix. Instead of zero-
®lling the k-space, it might be more advantageous
to interpolate it by using linear and nonlinear
interpolation procedures. This is precisely the
approach investigated in this paper. More spe-
ci®cally, novel machine learning based interpola-
tion techniques are proposed and evaluated in the
following sections.

The organization of this paper is as follows.
Section 2 discusses the need for alternative strate-
gies in the problem of MRI reconstruction from
sparse k-space matrices. In Sections 3 and 4 the
proposed methodology is illustrated. In Section 5
the experimental study exhibiting the comparisons
of the various interpolation techniques herein in-
volved in MRI reconstruction, is presented and the
results obtained are discussed. Finally, Section 6
concludes the paper.

2. Alternative strategies for estimating the missing

samples in k-space

The above discussed problems of ill-posed MRI
reconstruction from sparse k-space might be
amended by using the so-called Bayesian recon-
struction approach recently proposed by two of
the authors (Stijnman et al., 1997), through regu-
larizing the problem by invoking general prior
knowledge in the context of Bayesian formalism.
The algorithm amounts to minimizing the follow-
ing objective function (Stijnman et al., 1997),

j S ÿ T I j2 =�2r2�
� �3=2�

X
x;y

log a2
n
� �xDxy�2 � �yDxy�2

o
; �1�

with regards to I, which is the unknown image to
be reconstructed that ®ts to the sparse k-space data
given in S. First term comes from the likelihood
term and the second one from the prior knowledge
term of the well-known Bayesian formulation
(Stijnman et al., 1997). In the above formula,
T ��kx; ky�; �x; y�� � eÿ2pi�xkx�yky � represents the trans-
formation from image to k-space data (through 2-
D FFT). Second term symbols arise from the im-
posed 2-D Lorentzian prior knowledge. xDxy and
yDxy are the pixel intensity di�erences in the x- and
y-directions, respectively, and a is a Lorentz dis-
tribution-width parameter. If we assume that P�I�
is the prior, which imposes prior knowledge con-
ditions about the MRI image on the reconstruc-
tion algorithm, then, the second term of (1) comes
as follows.

The starting point is that P �I� could be obvi-
ously expanded into P�I� � P�I0;0�P �I1;0 j I0;0�
P�I2;0 j I0;0; I1;0� . . .. If, now, it is assumed that the
intensity Ix;y depends only on its left neighbor
(Ixÿ1;y), then the previous P �I� expansion takes on
the form P �I� �Q�x;y� P �Ix;y j Ixÿ1;y�, provided that
the boundaries are ignored. Next, we assume that
P�Ix;y j Ixÿ1;y� is a function only of the di�erence
between the corresponding pixels. This di�erence
is written down as xDxy � Ix;y ÿ Ixÿ1;y . It has been
shown that the probability density function of xDxy

is Lorentzian shaped (see Fuderer, 1989; Herbert
and Leahy, 1989; Lettington and Quong, 1995).
These assumptions and calculations lead directly
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to compute the prior knowledge in the Bayesian
reconstruction approach as in (Eq. 1).

Although the Bayesian reconstruction approach
tackles the problem of handling missing samples in
k-space, it exhibits, however, some disadvantages.
First, the validity of the assumption that the
Gaussian probability distributions involved in this
method are adequate for formulating the proba-
bility distributions occurred in any MRI image is
an issue under question. Second, the fact that
Bayesian formulation of the problem treats it as
being an optimization problem could lead to infe-
rior reconstruction results. Indeed, as it was dis-
cussed above, after the Bayesian formulation of the
reconstruction task in MRI, the conjugate gradient
method is applied to the corresponding objective
function in order to ®nd its optima. Conjugate
gradients, which is a local optimization technique,
has been invoked here as the optimization proce-
dure of preference since a huge number of variables
is actually involved (all N � N image pixels). It is
well-known, however, that local optimization
procedures can usually get stack to some local
optima of the objective function, been unable to
®nd the desired global optimum. Their perfor-
mance depends on the initial values of the design
variables. On the other hand, even if global opti-
mization techniques were invoked there would be
no guarantee, in the general case, that the global
optimum could be reached. Therefore, the optimi-
zation formulation of the MRI reconstruction
from missing samples cannot ensure the quality of
the resulted image by its own, but it depends, in-
stead, on the quality of the initial conditions for the
design variables. Third, the fact, again, that the
Bayesian reconstruction approach leads to a for-
mulation in terms of an extremely huge optimiza-
tion problem has as another consequence, the need
for immense computing power and storage re-
quirements. The above disadvantages worsen
things when 3-D Bayesian MRI reconstruction is
considered, especially in the case of functional
MRI. In this case a lot of slices should be acquired
in order to have a 3-D reconstruction and the
problem of reducing scan time by omitting scan-
ning trajectories becomes of primary importance.

The previous discussion makes obvious that
another more e�ective methodology for handling

the reconstruction problem in the sparse sampled
k-space is needed and this is exactly the motivation
for the research presented here. The methodology
herein suggested is based on the attempt to ®ll in
the missing complex values in k-space from their
neighboring complex values. This approach
transforms the original problem into an interpo-
lation one in the complex domain. While linear
interpolators have already been used in the litera-
ture (Smith et al., 1986; Barone and Sebastiani,
1992; Dologlou et al., 1996) and nonlinear esti-
mations are well established in MRI (Li and
Hornak, 1994; Servoss and Hornak, 2000), the
novelty of this paper lies on the fact that it deals
with nonlinear interpolation in k-space. The ob-
vious advantages of the interpolation approach
compared to the Bayesian formalism are the ca-
pability for faster reconstruction since it avoids
optimization procedures during reconstruction,
the need for less computing power and fewer
storage requirements as well as the avoidance of
any model assumption about the probability dis-
tributions. This last point is ensured because of the
application of arti®cial neural network (ANN)
models in the complex domain interpolation task
herein involved. The reconstruction results
achieved by both supervised architectures of the
MLP type and unsupervised ones of the Kohonen
type are very promising and very favorably com-
pared to the reconstruction results obtained by
traditional interpolation techniques as well as by
the simplest ``interpolation'' procedure, that is by
zero-®lling the missing samples in k-space. Finally,
an initial comparison with the Bayesian recon-
struction approach indicates that ANN is a good
candidate for o�ering a viable solution to the
problem of k-space interpolation.

3. Training supervised and unsupervised neural

networks for estimating the missing samples in k-

space

The training phase of the neural models in-
volved in the proposed interpolation procedure for
predicting missing complex values in the k-space
from their surrounding, is outlined in the following
steps.
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We compile a set of R representative N � N
MRI images with k-space matrices completely
known, which comprise the training set of the
neural interpolators. Subsequently, we scan these
matrices by following either radial or spiral sam-
pling schemes as shown in Fig. 1 and discussed in
the introduction. Afterwards, for each image of
the training set, its corresponding sparse k-space is
constructed from the original k-space matrix by
excluding all points not belonging to the sampling
trajectories. We keep, however, the original k-
space intact in order to extract from it the desired
patterns de®ned next. All the missing k-space
samples take on complex values of zero. Thus, the
corresponding sparse k-space is zero-®lled.

The original k-space matrix as well as its cor-
responding sparse k-space matrix associated with
one N � N MRI image, belonging in the previ-
ously de®ned training set, is raster scanned by a
�2M � 1� � �2M � 1� sliding window containing
the associated complex k-space values. The esti-
mation of the complex number in the center of this
window from the rest of the complex numbers
comprising the sliding window is the goal of the
proposed interpolation procedure (either in the
original k-space or in the sparse one). Each posi-
tion of the previously de®ned sliding window in k-
space (original or sparse) is, therefore, associated
with a desired output pattern comprised of the
complex number in the original k-space corre-
sponding to the window position, and an input
pattern comprised of the complex numbers in k-
space corresponding to the rest �2M � 1��
�2M � 1� ÿ 1 window points. This scheme is used
in the MLP case, while in the Kohonen's self-or-
ganizing feature map (SOFM) case there is only an
input pattern with �2M � 1� � �2M � 1� complex
number components. The following table illus-
trates how the input pattern - desired output pat-
tern pair is de®ned for a speci®c sliding window
(5� 5), raster scanning either the sparse or the
original k-space of an MRI image. In this table, I
stands for a k-space point (complex value) be-
longing in the scanning trajectories, while � stands
for a k-space point not belonging in them (Don't
care state. It equals zero or any other complex
value. The reason for including such states in the
training patterns is to enhance the generalization

capability of neural interpolators, since this is ac-
tually the form of the real world test input pat-
terns). Finally, D stands for the desired output
pattern (a complex value) of the MLP neural
model, provided by the original k-space matrix.
For instance, the MLP input pattern associat-
ed with this table is (I ; I ; I ; X ; X ; X ; X ; I ; I ; I ;
I ; I ; I ; X ; I ; I ; I ; I ; X ; I ; X ; I ; I ; I) starting

from the ®rst row and moving from left to right to
construct it. The associated desired output is sim-
ply equal to D.

Each such pattern is then, normalized according
to the following procedure. First, the absolute
values of the complex numbers in the input pattern
are calculated and then, their average absolute
value jzaverj is used to normalize all the complex
numbers belonging both in the input and the de-
sired output patterns. That is, if z1 is such a
number then this normalization procedure trans-
forms it into the z1=jzaverj . This pair of normalized
input and desired output patterns of complex k-
space values can be next used in the training pro-
cedure of the ANN interpolation architecture. On
the other hand, in the case of test patterns we
apply the same procedure. That is, the average
absolute value jzaverj for the complex numbers of
the test input pattern is ®rst calculated and used to
normalize them. Afterwards, these normalized
complex values zi=jzaverj feed the ANN interpola-
tion technique to predict the sliding window cen-
tral normalized complex number znorm

centre. The
corresponding unnormalized complex number is
simply znorm

centre � jzaverj.
The next step is the production of training

patterns for the ANN interpolators. To this end,
we involve the set of the above selected R repre-
sentative MRI images as training pictures and
their corresponding k-space data. Then, by ran-
domly selecting sliding windows from the associ-
ated k-spaces (the original and their associated
sparse ones) and producing the corresponding

I I I X X
X X I I I
I I D I X
I I I I X
I X I I I
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input and desired output training pairs of patterns,
as previously de®ned, we construct the set of
training patterns. The assumption that underlies
such an approach of training ANN interpolators is
that there are regularities in every sliding window
associated k-space data, the same for any MRI
image, which can be captured by the ANNs. Un-
like Bayesian reconstruction, however, this can be
achieved without any prior assumption for the
model of their probability distributions.

In the sequel, the ANN interpolators are
trained using the previously de®ned learning sets.
In the case of the MLP based complex interpolator
both input and desired output patterns are in-
volved. Each complex number, component of ei-
ther an input or an output pattern, is associated
with two adjacent neurons of the MLP input or
output layer respectively, having its real part as-
signed to the left neuron of the pair and its
imaginary part to the right one. The same assign-
ments for the complex numbers belonging to the
input training patterns are met in the case of the
Kohonen's SOFM. However, since this is an un-
supervised architecture there is no desired output
response employed in its training phase. Instead,
the SOFM is comprised of an L� P array of
output neurons that map the probability distri-
bution of the �2M � 1� � �2M � 1� complex num-
bers of any input pattern, preserving the
topological conditions of the input pattern space.
That is, the training phase of the SOFM attempts
to assign every input pattern to a neuron of the
map so that the quantization error becomes as
small as possible.

4. The neural networks based MRI image recon-
struction

After completion of the above de®ned training
procedure both supervised and unsupervised ANN
interpolators can be evaluated by applying them to
the sparse k-space data corresponding to a com-
pletely unknown set of MRI images. This appli-
cation involves the following procedure.

(1) The �2M � 1� � �2M � 1� sliding window
raster scans the sparse k-space data starting from
the center. Its central point position moves along

the perimeter of rectangles covering completely the
k-space, having as center of gravity the center of
the k-space array and having distance from their
two adjacent ones of 1 pixel. It can move clockwise
or counterclockwise or in both directions. For
every position of the sliding window, the corre-
sponding input pattern of �2M � 1� � �2M � 1� ÿ 1
or �2M � 1� � �2M � 1� complex numbers is de-
rived following the above described normalization
procedure.

(2) Subsequently, this normalized pattern feeds
the ANN interpolator, either MLP or SOFM. In
the case of MLP, the wanted complex number
corresponding to the sliding window center, is
found as zcentre � zout

MLP � jzaverj, where zout
MLP is the

MLP output and jzaverj the average absolute value
of the complex numbers comprising the unnor-
malized input pattern. In the case of SOFM, for
the winning neuron corresponding to the test input
pattern, its associated weight vector Wwin might be
considered as good representative of the cluster
of input patterns that correspond to it. Then,
the wanted complex number zcentre is equal to
zcentre � �W win

x0 ;W win
y0 �, where W win

x0 ;W win
y0 are the

weights corresponding to the central values of the
input pattern and the associated central point
�x0; y0� of the sliding window. Following this
procedure, the unknown complex number that
corresponds to the current sliding window position
can be interpolated from its neighboring points
values.

(3) For each rectangle covering the k-space, the
previously de®ned ®lling in process takes place so
that it completely covers its perimeter, only once,
in both clockwise and counterclockwise directions.
The ®nal missing complex values are estimated as
the average of their clockwise and counter-clock-
wise obtained counterparts.

At this point it should be mentioned that there
is possibility for the ANN interpolators to estimate
wrongly the missing complex values of the sliding
window central positions. Then, of course, these
errors propagate to all the following such estima-
tions. However, fortunately, the problem is not
too hard as it seems to be at ®rst glance. This is
because the missing points in the area near the
center of k-space, where the signal is strongest, are
few, irrespectively to the sampling scheme
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involved. On the other hand, in the areas far from
the center of k-space, where the signal is weak and
is not as rich in information content as near the
center, the population of missing points increases
quickly with distance. Therefore, in the rich in
information content k-space areas, ANN interpo-
lators are less prone to signi®cant error propaga-
tion as in the rest of k-space, where the
propagation of error could be large. In addition,
error propagation e�ects are reduced in our ap-
proach since we involve both clockwise and
counter-clockwise estimation processes and we
calculate the missing k-space samples as the aver-
ages of both these estimation results. It could be
speculated and, probably analytically proved, that
this averaging estimation procedure reduces the
overall propagation error. The experimental sec-
tion shows that this procedure leads to very good
reconstruction results.

5. Experimental study

An extensive experimental study has been con-
ducted in order to evaluate the above described
ANN interpolation methodology. All the inter-
polation methods involved have been applied to a
large MRI image database which has been down-
loaded from the Internet, namely, the Whole
Brain Atlas (http://www.med.harvard.edu/AAN-

LIB/home.html) (copyright Ó 1995±1999 Keith A.
Johnson and J. Alex Becker). There exists the
permission that portions of that database might be
individually downloaded, copied, and cited for the
personal and educational purposes of individuals
and organizations in their work, provided that
proper attribution and context are given. We have
used three images, shown in Fig. 2, for training the
ANN interpolators, and four images, shown in
Figs. 3±8, for testing them. All these images have
256 by 256 dimensions. The k-space data for these
images have been produced by applying the 2D
FFT to them. Radial and spiral trajectories have
been used to scan the resulted 256� 256 complex
array of k-space data. In the case of radial scan-
ning 4� 256 � 1024 radial trajectories are needed
to completely cover k-space. On the other hand, in
the case of spiral scanning 60 spirals are enough
for attaining a good image reconstruction. In or-
der to apply the interpolation techniques involved
in this study, the k-space has been sparsely sam-
pled using 128 only radial trajectories in the for-
mer case and 30 only spiral trajectories in the
latter. Regarding the sliding window raster scan-
ning the k-space, the best results were obtained
using a 5� 5 window for the MLP case and a
3� 3 in the SOFM case.

Concerning ANN architectures, the best results
for the MLP based interpolator have been
achieved using an architecture of 48 input neurons,

Fig. 2. From left to right: Training images, normal brain, 3 slices out of the complete database (http://www.med.harvard.edu/

AANLIB/cases/caseM/mr1/008.html, 024.html, 028.html).

M. Reczko et al. / Pattern Recognition Letters 22 (2001) 35±46 41



10 hidden ones and 2 output neurons. On the other
hand, concerning the SOFM interpolator the best
results have been obtained using an architecture of
18 input neurons and 25� 10 output neurons in
the map. These ANN interpolators have been
trained using 3600 training patterns. Apart from
the neural interpolators there was experimentation
using two traditional interpolation techniques,
namely, the linear and the cubic one. Moreover,

the simplest ``interpolation'' approach, namely
®lling in the missing samples in k-space with zeroes
and then, reconstructing the image, has been in-
voked. Finally, we have added an initial experi-
mentation with the Bayesian reconstruction
approach. All these methods (2 neural, 2 tradi-
tional, Bayesian and the zero-®lling based recon-
struction) have been implemented in the MATLAB
programming language and all simulations have

Fig. 4. From left to right: The test image of Fig. 3, the sparsely sampled on 30 spiral trajectories±zero-®lled image reconstruction, the

BP-interpolated image and the Kohonen network estimated image.

Fig. 3. From left to right: A test image illustrating a brain slice with Alzheimer's disease (http://www.med.harvard.edu/AANLIB/cases/

case3/mr1-tc1/020.html), the sparsely sampled k-space (nr � 128) zero-®lled image reconstruction, the BP-interpolated image and the

Kohonen network estimated image.
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been carried out using the MATLAB program-
ming platform.

Concerning the measures involved to quantita-
tively compare the performance of the various in-
terpolation techniques, we have employed the
usually used sum of squared errors (SSE) between
the original MRI image pixel intensities and the
corresponding pixel intensities of the reconstructed
image. Additionally, another quantitative measure
has been used, which expresses performance dif-
ferences in terms of the RMS error in dB. This is

outlined in the following MATLAB code and has
been proposed in Dologlou et al., 1996

lambda � �image recon�:�0 � image orig�:��=
�image recon�:�0 � image recon�:��;

residu � image origÿ lambda � image recon;

dB � 10 � log10��image orig�:�0 � image orig�:��=
�residu�:�0 � residu�:���;

Fig. 6. From left to right: The test image of Fig. 5 sparsely sampled on 30 spiral trajectories, the zero-®lled image reconstruction, the

BP-interpolated image and the Kohonen network estimated image.

Fig. 5. From left to right: A test image showing a brain with Glioma (brain-tumor)-TlTc-SPECT (http://www.med.harvard.edu/

AANLIB/cases/case1/mr1-t14/029.html), the zero-®lled image reconstruction, the BP-interpolated image and the Kohonen network

estimated image.
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The quantitative results obtained by the di�erent
interpolation methods involved are outlined in
Table 1, except for the results of the two tradi-

tional interpolation techniques. These latter
methods have always given worse results than
the zero-®lling reconstruction. For instance, for

Table 1

The quantitative results with regards to reconstruction performance of the various methodologies involved

Test picture Sampled

trajectories

Bayesian Zero-®lled Kohonen model MLP network

SSE dB SSE dB SSE dB SSE dB

tc1 (Fig. 3) 128 radial 3.35E3 16.10 3.71E3 15.26 3.57E3 15.55 3.02E3 16.69

tc1 (Fig. 4) 30 spiral 1.12E4 6.40 1.61E4 3.76 1.48E4 4.57 9.62E3 8.17

tl4 (Fig. 5) 128 radial 2.44E3 15.95 2.49E3 15.51 2.19E3 16.54 1.62E3 18.73

tl4 (Fig. 6) 30 spiral 7.89E3 6.32 1.03E4 4.11 9.19E3 5.34 5.72E3 8.6

dg1 (Fig. 7) 128 radial 2.35E3 12.10 3.38E3 10.04 2.99E3 10.99 2.24E3 12.94

038 (Fig. 8) 128 radial 2.55E3 15.02 2.47E3 14.32 2.1E3 15.65 1.49E3 17.95

Fig. 8. From left to right: A Test image showing a normal brain slice 38-(http://www.med.harvard.edu/AANLIB/cases/caseM/mr1/

0.38.html), the zero-®lled image reconstruction, the BP-interpolated image and the Kohonen network estimated image.

Fig. 7. From left to right: A test image ± Glioma (brain-tumor)-FDG-PET (http://www.med.harvard.edu/AANLIB cases/caseSLU/

mr1-dg1/060.html), the zero-®lled image reconstruction, the BP-interpolated image and the Kohonen network estimated image.
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the test image of Fig. 5 the cubic interpolation
gives 2.7E3 for the SSE and 15.02 dB for the
RMS, for the comparison with the original im-
age, which are obviously worse than the ones
obtained by zero-®lling reconstruction. Concern-
ing reconstruction performance qualitative re-
sults, they are all shown in Figs. 3±8. Both
quantitative and qualitative results clearly dem-
onstrate the superiority of the proposed super-
vised and unsupervised ANN interpolation
approach in terms of MRI image reconstruction
performance. Although, MLP based reconstruc-
tion is generally better than SOFM's recon-
struction in terms of SSE and RMS errors, the
pictures 3±8 show that SOFM produces only
slightly worse reconstruction results. On the
other hand, concerning Bayesian reconstruction,
the initial results indicate that its performance is
worse than that of MLP and slightly better than
that obtained by unsupervised models, except in
two cases.

6. Conclusions and future trends

A new methodology has been developed for
reconstructing MRI images from sparsely sam-
pled k-space data using MLP and SOFM inter-
polation techniques for estimating the missing
samples. A detailed experimental study on a well
organized MRI image database demonstrates
that the proposed approach gives very promising
results concerning reconstruction performance,
compared to some traditional interpolation tech-
niques in terms of both quantitative and quali-
tative evaluation. More speci®cally, the suggested
approach leads to smaller MRI reconstruction
error (SSE, RMS) than the zero-®lling method as
well as than the cubic or linear interpolation
techniques. In addition, a preliminary compari-
son with the recently proposed Bayesian recon-
struction indicates that the quantitative
reconstruction results obtained by supervised
neural models are favorably compared to the
ones obtained by the Bayesian approach in terms
of SSE and RMS. The unsupervised neural
models, however, give slightly worse results than
the Bayesian methodology in the majority of test

images. Apart from the better reconstruction re-
sults, an advantage of neural estimation meth-
odology is that, it is much faster than the
Bayesian estimation approach (more than 20
times faster in terms of CPU time, for the test
images of 256� 256 dimensions). A disadvan-
tage, however, of the proposed methodology is
the hard work needed to select a representative
training set of MRI images so that it could be
universally applied for all MRI images. On the
other hand, while Bayesian reconstruction seems
to be able to be universally applied, it depends,
however, on the prior knowledge function as well
as on the Gaussian assumptions for the proba-
bility distributions involved, both of which might
be not valid for all MRI images. Therefore, a
much more extensive comparison is needed to
reveal these advantages and disadvantages. What
is more interesting, however, is to achieve a
combination of these two approaches since ANN
interpolation can supply Bayesian reconstruction
with a better starting point for the optimization
process.
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