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Abstract

This document describes an implementation of David S. Rusbimerical Q-Ball reconstruction algo-
rithm [3] implemented using the Insight Toolkit ITiw. i t k. or g. The document is accompanied with
the source code, input data, parameters and output dataehatised for validating the implementation.
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1 Background

Diffusion imaging data sets provide information about the diffusion of wateaeh voxel in the image and
thus reveal powerful information for mapping neural histoarchitecturavim. The interested reader may
refer to ] for an introduction to different diffusion imaging techniques.

In order to interpret the raw diffusion signal from the scanner, anstroction of diffusion profiles at each
voxel position needs to be performed. The well known Diffusion Tensaglel assumes gaussian diffusion
and thus has its limitation especially in areas with multiple fiber directions within onel yexy. crossing
or fanning fiber tracts). To overcome these limitations, Q-Ball imaging wasduted allowing model free
reconstruction of high angular resolution diffusion imaging data.

This paper presents an easy to use, multithreaded ITK filter for perfor@iBgll image reconstruction
using the analytical algorithm described by David S. Tuch in 2@D4xthich derives a linear matrix formu-
lation for the g-ball reconstruction based on spherical radial bastifuminterpolation.

2 Description

The diffusion orientation distribution function (OD®)(u) is defined as the radial projection of the diffusion
function,

inf
W(u) = ;/Om P(ru)dr, (1)

where Z is a dimensionless normalization constant. The Q-Ball imaging (Q&hstruction is based on
the Funk-Radeon Transform (FRT). Given a function on the sphesg, the FRT is defined as the sum
over the corresponding equator, i.e., the set of points perpendiculartbe FRT for a directiom can be
written

FRT[f (W)] (U) = /W  flw)dw @)

The reconstruction algorithm assumes

W(u) ~ ZFRT[E()], ©

whereE(q) is the measured MR diffusion signal for a given directgp(Here we omitted the definition of
the extended FRT, for details refer &)

Implementing the FRT in practice requires a numerical procedure for cafauthe equator integral. Since
the equator points will not coincide with the diffusion wavevector samplingtpairis necessary to regrid
the diffusion data onto the equatorial circles. The regridding is implemeniad asform of spherical
interpolation called spherical radial basis function (sRBF) interpolatiorguspherical Gaussian kernels.
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3 Implementation

The interface of itk::DiffusionQallReconstructionlmageFilter was designed to
be similar with itk::DiffusionTensor3DReconstructionl mageFilter. The ITK

i tk::DiffusionTensor3DReconstructionl mageFilter is another example for a filter that takes
as input multiple MR image volumes acquired with varying gradient directions@adgths.

The class is templated over the pixel type of the reference and gradiergsniepected to be scalar data
types), the internal pixel type of the ODFs, the number of resulting ODIEtibres and the number of basis
function centers for the sRBF.

There are two ways to use this class. With one reference image and ngiiathges, the class can be used
as

e filter->Set Referencel mage( inmagel );
e filter->AddG adi entlmage( directionl, imagel );
e filter->AddG adi ent| mage( direction2, image2 );

With multiple gradient and reference images in a single multi-component imag®(Meage), the images
can be specified simply as

e filter->Set Gradi entlmage( directionsContainer, vectorlmage );
wheredi r ecti onsCont ai ner contains a gradient vector for each of the images. The gradient vector f

reference images must be sef@® 0" .

A number of Get/Set methods are provided for controlling the output of the filte

e At least 6 gradient images must be specified for the filter to be able to ruthe linput gradient
directionsg; are majorly sampled on one half of the sqghere, then each input imaglebe assigned
to two gradient directions-g; andg; in order to guarantee stability of the algorithm.

e Threshol d - Threshold on the reference image data. The output ODF will be a nutbpgixels in
the reference image that have a value less than this.

e BVal ue - B-value, not yet in use, but potentially usefull for the implementation okdfit normal-
ization methods.

e Nr Equat or Sanpl i ngPoi nt s - Number of sampling points on equator when performing Funk Radeon
Transform (FRT). If not set, this defaults {68 « T+ #GradientDirections.

The reconstruction is performed over every voxel in the output imagerregross the entire image using
the overriddervoi d ThreadedGener at eDat a() function.
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3.1 Handling of Half Shell Acquisition Schemes

Half shell acquisition schemes are detected by applying a threshold onrtteg oé mass of the gradient
directions. In order to guarantee stability of the algorithm, they are handgleab&igning two gradient
directions—g; andg; to each input imagg. The membebDi r ect i onsDupl i cat ed indicates, weather such
a scheme was detected.

3.2 ODF Normalization

The protected member functioRseNor mal i ze() andNor nal i ze() are called right before and after mul-
tiplication of the reconstruction matrix. They allow implementation of differenbraization methods that
can be configured using the memiar mal i zati onMet hod. The current implementation realizes two
normalization method<)BR_STANDARD andQBR_NONE. @BR_STANDARD ensures unit mass for the resulting
ODFs,(BR_NONE leaves the results untouched. An example for further normalization scheoudgdsbe the
min-max normalization for visualization of the ODFs.

3.3 Madifications to Tuch’s Reconstruction Algorithm

One addition to the original tuch algorithm was introduced in order to get ntabdesresults especially in
cases where the sphere is only sparsely populated by directions.d@achthe matrixG*H., is normalized
to unit mass.

/1 the following two | oops resenble an addition to the original tuch
/1 algorithmthat was introduced in order to get nore stable results
/1 especially in case the sphere is only sparsely popul ated
typename vnl _matrix<double>::iterator it3;

for( it3 = (*GH_ plus).begin(); it3 != (*GH plus).end(); it3++)

{

if(*it3<0.0)

*it3 = 0;

}
for(int i=0; i<NOdfDirections*m Nunber Of Equat or Sanpl i ngPoi nts; i ++)
{

vnl _vector< double > r = GH plus->get row(i);

r/=r.sun();

GH plus->set_row(i,r);
}

A second addition to the original tuch algorithm was introduced in order sepve magnitudes of measured
values: Each row of the reconstruction matrix is normalized to unit mass. Thidakes effect in cases
where thelor nal i zat i onMet hod is set toQBR_NONE.

/1 this is also an addition to the original tuch algorithmthat was
/1 introduced in order to preserve magnitudes of neasured val ues.
[l I'n case of standard normalization this has no effect.

for(int i=0; i<NOdfDirections; i++)
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{
vnl _vector< TQdf Pi xel Type > r = m ReconstructionMtrix->get_row(i);
r/=r.sum);
m ReconstructionMatrix->set_row(i,r);

}

3.4 Point Distribution on the Sphere

The class tk: : Poi nt Shel |, which is distributed with this publication, takes care of evenly distributing
points on a sphere. For the special cases of 12, 42, 92, 162, 282488, 642, 812 or 1002 points
the distributions are given by hard coded coordinates originally calculataufold subdivisions of an
icosahedron.

In all other cases, the computation follows the method described by Rakhreizedoy1].

4 Performance

A Performance analysis was performed on a Intel Core2 Quad Poodg¥s600 at 2.40GHz each) with
4Gb of RAM and Visual Studio 9.0 compiler. We tested images with varying résoland varying number
of gradient directions. In all cases we reconstructed ODFs with 252tidins and averaged the compu-
tation times over 10 repetitions (refer to Figute Single and multiple core reconstructions only differ
in the actual time taken for reconstruction wh#@oosing Sgma andBuilding Matrix is performed in the
Bef or eThr eadedCener at eDat a() method on a single core for all cases.

In order to perform a similar performance analysis under different gsttthe provided example code can
be run with corresponding options for number of threads and averagetitions. In order to enable timing,

#define _ QBR TIMNG__

has to be commented in at line 57 of the fild f usi onQbal | Reconstructi onl mageFi | t er. cxx.

5 Usage

The following example demonstrates how to use the filter described in the pseséxtions. Data and
source for the example are included with this article.

typedef short int Ref er encePi xel Type;
typedef short int G adi ent Pi xel Type;
typedef fl oat Qdf Preci si onType;

/1 The angul ar resolution of the resulting ODFs depends on the nunber of
/1 directions distributed over the sphere
const int nGdfDirections = 252;

/1 type definitions

typedef itk::DiffusionQallReconstructionlmgeFilter<
Ref erencePi xel Type, Gradi ent Pi xel Type, Cdf Preci si onType,
nQdf Di rections, nQdf Directions >
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Performance Analysis
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Figure 1: Computation times in seconds for reconstruction of images with different sizes and different number of
gradient directions using single and multiple cores.
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Bal | Reconstructionl mageFi | t er Type;

typedef QBal | Reconstructionl mageFilterType:: G adi ent | magesType
Gradi ent | mageType;

typedef QBal | Reconstructionl mageFilterType:: Qut put| mageType
Qut put | mageType;

typedef Bal | Reconstructionl mageFilter Type:: BZer ol mageType
BZer ol mageType;

typedef vnl vector fixed< double, 3 > GadientDirectionType;
typedef itk::VectorContainer< unsigned int,
G adientDirectionType > G adi ent Di recti onCont ai ner Type;

/'l gradient directions retreived somehow, see exanple files for details
Gradi ent Di recti onCont ai ner Type: : Poi nter gradientDirections = ... ;

/1 input images retreived somehow, see exanple files for details
G adi ent | mageType: : Poi nter inmages = ... ;

/1 init and run the reconstruction
Bal | Reconstructionl mageFi | ter Type: : Poi nter gBal | ReconstructionFilter =
Bal | Reconstructionl mageFi | ter Type:: New();

/'l set threshold on reference image (defaults to 0)
gBal | Reconst ructi onFi | t er->Set Threshol d(70);

/1 set standard normalization (defaults to QBR _STANDARD)
gBal I ReconstructionFil ter->Set Normal i zat i onMet hod(
@Bal | Reconstructionl mageFi | ter Type: : QBR_STANDARD) ;

/1 set b-value, currently has no effect on anything (optional)
gBal | ReconstructionFil t er->Set BVal ue( 3500);

/1 set input images
gBal | ReconstructionFilter->Set G adi ent | mage(
gradientDirections, imges );

/] update
gBal I ReconstructionFilter->Update();

Il get filter results
Qut put | mageType: : Poi nter odfs
BZer ol mageType: : Poi nter b0l mage

gBal | ReconstructionFilter->CGet Qutput();
gBal | ReconstructionFil ter->Cet BZer ol mage();

6 Conclusion

In this paper we present an ITK implementation of the numerical Q-Ball stnactin algorithm
present by David S. Tuch in 20048][ All parameters default to meaningful values in order to
ease use of the filter. The implementation allows multithreaded reconstructiocimgdcomputa-
tion time on multi-processor systems. Please feel free to contact the authsuggestions or bugs
(http:// wwv. dkf z. de/ de/ mbi / peopl e/ Kl aus_Fritzsche. ht m ). An examplary visualization of min-
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Figure 2:Exemplary visualization of ODFs reconstructed from a transversal slice of a human brain.

max normalized ODFs can be seen in FigRre
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