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Monte-Carlo based Reduction of Motion in Contrast Agent
enhanced MR-Mammographies

F. Hesg, D. Krechel, L. Nakashimg A. v.Wangenheir

Introduction

We present an algorithm for fast reduction of motion artifacts in MR images (MRI). The g
plication field in the center of interest is the automatic detection of malignant tissue in col
trast agent enhanced MR-Mammographies. Here, a series of up to ten MRI-volumes
corded at discrete time points is taken, describing the signal increase in tissue voxels (\
ume elements) by contrast agent enhancement (Gd-DTPA). Due to the patient’s breathi
motion is induced and by this a dislocation of tissue areas over time. However, critical for
proper tissue classification is that the investigated tissue areas lie as accurately as possib
the same voxel positions of every akquired MRI-volume. Only by this, the signal behavio
of the tissue can be traced properly. Although signal averaging by windowing filters like 2C
Gaussian filters can reduce classification errors induced by tissue dislocation, the appl
window size is limited by the given minimum size of tissue to be classified. In other word:
applying a 17 square voxel window for the classification of 2 square voxel sized tissue strt
tures is inadequate. A motion reduction technique between voxels of different MRI-volume
iS necessary.

Ouir first approach towards motion reduction implemented in the MAMMA-LYZER-sys-
tem [4] makes use of modified Kohonen maps as described in [7]. However, this meth
does not meet the time constraints set by our medical partners (Dr. Buddenbrock, I
Blasinger, Dr. Benz, Clinic for Radiology, Mainz, Germany) i.e. real-time applicability).
This leads to the current approach as described in the following section.

Materials and Methods

MRI-volumes concerned here consist of 16 axial slices of the female mamma with slice «
mensions of 256 x 256 voxels. The voxels themselves represent physical areas the siz
1x1x6 mm. As motion is mainly induced by the patient’s breathing, the applied axial regi
tration has the advantage that breathing takes places almost inside volume slices and no
tween them. This motivates a faster two dimensional motion reduction algorithm. Breathir
results in coarse-scale and mainly linear motion, so it is feasible to determine voxel disloc
tions (disparities) at only a few tissue voxel positions serving as supporting points for a fc
lowing interpolation of the remaining tissue voxels.

The actual calculation of voxel dislocations between two MRI-volumes (volume match
ing) makes use of a least square error based steepest gradient search followed by a Vor
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based disparity interpolation. The motion reduction process described here compares twc
MRI-slicesP; andP, of two meassured MRI-volumé4 andV,. For every voxepyy:= (X,
y) of slicesPy :={(x, Y| x O A, y O 4}, it is necessary to determine the corresponding voxel
Pxy: In sliceP,. As consequence, the 9@t:= {Dyy := (dx (X, ¥), dy (X, Y)) | (X, y) O Py}, de-
noted as motion map, delivers for every vaxgll] P1 the disparityDy, towards slice®y, if
dx(x, y) = (x - x) anddy(x, y) = (y - y) holds for every corresponding voxel pgiy [ P; and
pxy O P2.
Speaking of voxel intensitidg(x, y) of voxelpxy [ P, one can derive a matched sliRe
:=P1 out of P, for every voxepyy [0 P1 by means of

IR(X, Y) = lp, (X + (X, ), y +dy (%, 1), @(X,Y), dy (x, ) OM (1)

By this, Ir(x, y) denotes the proper voxel intensity of voggl 1 R. Now, the correspond-
ence problem reduces to finding the motion ivapnd therefore determining the disparity
Dyy of every voxel inP;. Our approach makes use of the last square error calculation of
voxel windows inP; andP,. Given a voxebyy [ P1 to be further investigated, the native
window in Py having a certain size is centereggtwhile the test window P, of the same
size is moved aroungky. Looking at the square error calculation of both windows (see equa-
tion 2), a least square error occurs where both windows fit best with respect to their voxel
intensities.

Given a native windowWW := {(x’, y) | X’ O [x-cs X+ ¢y, y O [y- ¢ y + ¢} and an
error window BV := {(x’, ¥) | X" O [- &g &], y" O [-ey; g ]} with width and heightsy, ¢, e,
andey, one can derive the least square error dispByiy= (dx (X, y), dy (X, y)) of voxelpyy
by

D,y =arg min (Ip (X+ X",y +y") =g (X +X',y +y"))?
i (x' .y )ocw (x",y'Z)DE\% & (2)

It is in terms of computational efforts suitable to apply a Monte-Carlo based method for de-

terminingM. This means, only a fraction of voxglg, [0 P; containing tissue information is

processed in the above described way, and those remaining gain their di3gaityan in-

terpolation process.
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Fig. 1: Motion artifact reduction process. Using a least square error approach, two slices of differe
MRI-volumes (upper and lower left) are matched by creating a motion map (upper middle) and by
relocating voxel intensities (upper right). The matching results are shown as difference pictures |
tween both source images (lower middle) and between the source native slice (upper left) and the
sulting matched slice (upper right). As can be seen, motion artifacts are reduced, although a cont
agent enhancement has taken place.

Results and Discussion

Fig. 1 shows the whole motion reduction process as described before. Due to the Mor
Carlo-based approach interpolation errors can occur when determining the slice’s moti
map. This results in an erroneous voxel matching process. Fig. 1 shows the impact of s
porting points used for the interpolation on the amount of wrongly matched voxels. Here, .
averaging window (Gaussian, std. dev. = 2 voxels) is already applied. As can be seen, tf
is a trade-off between the accuracy of matching and its calculation time.

Currently, our efforts focus on a validation of the developped algorithms with data suj
plied by our medical partners, a hardware implementation using FPGAs (field programmait
gate arrays), and an application to MR head images.
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