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Abstract

Three-dimensional(3D) Freehandultrasound usesthe acquisition of non parallel B-
scanslocalized in 3D by a tracking system (optic, medanical or magnetic). Using
the positions of the irregularly spacedB-scans,a regular 3D lattice volume can be
reconstructed, to which corvertional 3D computer vision algorithms (registration
and segmetation) can be applied. This paper presens a hew 3D reconstruction
method which explicitly accourts for the probe trajectory. Experiments were con-
ducted on phantom and intra-operative datasetsusing various probe motion types
and varied slice-to-slice B-scan distances. Results suggestthat this technique im-
proveson classicalmethods at the expenseof computational time.

1 Intro duction

Ultrasonograply hasbecomea very popular medicalimaging modality thanks
to its low cost, real time image formation capability and non invasive nature.
Due to its many attributes, ultrasound hasbeenusedin neurosurgeryfor the
last two decaded1]. Se\eral studies demonstratedthat ultrasonograply can
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be usedin the location of tumors, de nition of their margins, di erentiation
of internal characteristics and detection of brain shift and residual tumoral
tissue[2].

Despiteits advantages,the lack of 3D information in traditional 2D ultrasound
imaging preverts reproductivity of examinations, longitudinal follow-up and
precisequartitativ e measuremets. To overcometheselimits and producea 3D
represemation of the scannedorgans,se\erals techniquesexist: medanically-
swept acquisitions, freehandimaging [3], medanical built-in probesand 2D
phased-arrg probes[4]. The two rst approadesare basedon the reconstruc-
tion of a 3D regular lattice from 2D B-scansand their positions, whereas3D
probesdirectly acquire3D images.The main advantagesof freehandimaging,
comparedto other 3D approadies,are exibilit y, low costand large organsex-
amination capabilities. Moreover, comparedto 3D probes, the image quality
and the eld of view are better suited to clinical applications [5,6].

Freehandimaging techniquesconsistof tracking a standard 2D probe by using
a 3D localizer (magnetic, medanical or optic). The tracking systemcortinu-
ously measureghe 3D position and orientation of the probe. This 3D position
is usedfor the localization of B-scansin the coordinate system of the local-
izer. In order to establishthe transformation betweenthe B-scancoordinates
and the 3D position and orientation of the probe, a calibration procedureis
necessary[7,8]. Calibration is neededto estimate the transformation matrix
linking the di erent coordinate systems(spatial calibration), but alsothe la-
tency betweenimage and position time stamps (temporal calibration). The
localization accuracy of B-scan pixels in the 3D referertial system depends
on the calibration procedure.A review of calibration techniquesis preserned
in [9].

To analyzethe sequence®f B-scans,two types of approades can be used:
the reslicing (without reconstruction) or the true 3D reconstructionincluding
interpolation step. The rst is usedby the StradX system[10] and enablesthe
analysisof the data without reconstruction. The sequenceof B-scanscan be
arbitrarily reslicedand distance/volume measuremets are performed with-

out reconstruction. This strategy is very powerful for manual analysisof 3D
datasets.Howeer, 3D isotropic reconstructionis still necessaryn the clinical
cortext whenautomatic segmetation or registration proceduresare required.
The secondapproad is basedon the interpolation of the information within

the B-scansto Il aregular 3D lattice thus creating a volumetric reconstruc-
tion. Due to the non uniform distribution of the B-scans,this step is acutely
expensie with respect to computation time and reconstruction quality: an
e cien t reconstructionmethod should not intro ducegeometricalartifacts, de-
grade nor distort the images.To resole this problem seweral methods were
proposed. The most common onesare Pixel Nearest-Neighor (PNN) [11],
Voxel Nearest-Neighor (VNN) [10,12] and Distance-Weighted interpolation



(DW) [13,14].

Due to its simplicity of implemertation and its reduced computation time,
the most straightforward reconstruction algorithm is the PNN method. This
algorithm is divided into two stages:the bin- lling and the hole- lling [15].
The bin- lling stageconsistin searting, for ead pixel in every B-scan.The
nearestvoxel which is lled with the value of the pixel. Secondly the remain-
ing gapsin the 3D voxel array are lled via a hole- lling method. Usually,
the hole- lling method is a local averageof lled voxels. Although the PNN
method is fast and simple to implemen, this approat generatesartifacts.
Contrary to the PNN method, the VNN approat doesnot require the hole-
ling stage becauseall voxels are lled in one step using the value of the
nearestpixel obtained by orthogonal projection on the nearestB-scan.In the
DW interpolation approad, ead voxel is lled with the weighed average
of pixels from the nearestB-scans(seesection2.1 and Fig. 1 for a detailed
explanation). The set of pixels or interpolation kernel is de ned either by a
sphericalneighborhood [13], or by projection on the two nearestB-scans[14].
Then, all pixel intensitiesof this setareweighed by the inversedistanceto the
voxel to calculatevoxel intensity. A completesurvey of thesethree methods is
presened in [16]. Theseapproatesare designedto reducecomputation time,
at the cost of a lower reconstruction quality comparedto more elaborated
methods.

More elaborated methods were recerly deweloped in order to increasethe
reconstruction quality. Firstly, the registration basedapproad consistsin re-
constructing a 3D volume after a non-rigid registration of ead successi®
B-scans.In [17], a linear interpolation betweenthe two nearestpixels is used
to calculate the intensity voxel. This technique is notably usedto avoid ar-
tifacts due to tissue motion. Somestudies focus on the improvemert of the
interpolation step using radial basisfunctions (RBF) [16], weighed Gaussian
convolution [6,18] or Rayleigh model for intensity distribution [19]. Finally, the
optimization of the axis orientation and voxel size are discussedn [6]. Nev-
ertheless,the quality improvemert obtained with these approades induces
computational burden.

The paper is organizedasfollows. Section2 descrikesthe proposedreconstruc-
tion method usingthe 3D probetrajectory (PT) information. Section3 brie y

descritesthe ewaluation framework and comparesthe proposedmethod with

VNN and DW methods. Finally, in section4 the advantagesand limitations

of the PT method are discussedand further improvemerns are outlined.
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Fig. 1. lllustration of DW and PT principles. The two orthogonal projections for
DW interpolation method and the construction of a \virtual" plane ; containing
X for PT method.

2 Metho d

This work builds on the distance weighted interpolation and proposesto in-
corporate probe trajectory information. The distance weighted interpolation
is rst presened in section(2.1). Then, the probe trajectory information is
incorporated in section(2.2).

2.1 Distance Weighted Interpolation (DW)

At ead point X of the reconstructedvolume,the linear interpolation amourts

to computing:
1

X
fa(X)= = 0 F(X4) (1)
G ti2Kn(X)

where K, is the interpolation kernel. In other words, K, is the set of the
di erent indexesof the B-scansthat are involved in the interpolation, n is
the interpolation order. For a given interpolation degree,the n closestB-
scansbeforeX and the n closestB-scansafter X are considered.For the DW
interpolation, X is the orthogonalprojection of X onthe ti™" B-scan.f{Xy) is
the intensity at position X and is obtained b¥ bilinear interpolation. Finally,
G is the normalization constart with G = Oi, Where g; is the distance
betweenX and X (seeFig. 1).

2.2 Prolke Trajectory Interpolation (PT)

The orthogonalprojection of points to the nearestB-scansis a straightforward
solution. Howeer, it does not take into accourt the relationship between a
given point and its projections. As seenin section 1, registration basedin-



terpolation useshomologouspoints to interpolate, thus increasingthe com-
putational burden. We proposeto incorporate the probe trajectory into the
interpolation process.In other words, homologouspoints are de ned asbeing
successi@ points along the probe trajectory.

We beliewe there is correlation between the underlying signal structure and
the probe trajectory. When imaging cross-section®f a tubular structure for
instance, the intuitiv e displacemen of the probe that follows the Structure
Of Interest (SOI) will lead to somecorrelation betweenthe probe trajectory
and the anatomical structure (seethe cerebralfalx Fig. 11). In intra-operative
exams,we obsened that the surgeonwas conceitrated in keepingthe focus of
the US scanson the SOI (i.e. the lesion). This is con rmed by observingthe
location of the SOI, which is kept at the sameposition in the x-y placeduring
the sequencdseeFig. 2). Therefore,we think that the introduction of probe

Fig. 2. A longitudinal reslice of the non reconstructed intra-operative data (i.e. the
stadk of B-scans). The x position in B-scans(horizontal axis of the reslice) of the
structure of interest is correlated along the sequencethe vertical axis of the reslice
corresponding to the B-scanslatencies. The cerebral falx is visible at left and the
lesion at certer.

trajectory into the interpolation processis relevan.

Instead of using orthogonal projections as in classicalDW, we propose to
project alongthe probe trajectory. Firstly, the time stampt 2 R, t 2 [tj; tj+1]
of the \virtual plane" . is estimated.The\ virtual plane" is the plane which
passeghrough X in the senseof the probe trajectory (seeFig 1). Then, t is
usedto computethe \virtual plane" parameters(translation and rotation) by
interpolation of  and ¢,, positions.Finally, the 2D coordinatesof X (the
projection of X on ) areusedto obtain the projectionsof X on  and ¢,
in the senseof the probe trajectory.

2.2.1 Determination of the \virtual® planetime stamp

Under the assumptionthat the probe motion is constart betweentwo consec-
utive B-scans,the latency ratio is equalto the distanceratio:

dti +1 dti
t= t)+ ———
(t) di + di+1

T O+ dor (ti+ 1) (2



whered; is the distance (in the senseof orthogonal projection) betweenthe
currert voxel and the B-scan of time stamp ti (dy = kX XPWk). The
assumption of constart probe speed between two slicesis justied by the
frame rate. The lowest frame rate is usually 10Hz, which meansthat 100ms
separatetwo frames. It is therefore reasonableto assumea constart motion
magnitude betweentwo frames(i.e. no signi cant acceleration).

Oncethe time stamp of the \virtual" plane is computed, the probe position
can be interpolated.

2.2.2 Determination of the \virtual" plane parameters

The position of ead B-scanis de ned by 3 translations and 3 rotations. Thus
the interpolation of origin position and rotation parametersis needed We use
the Key interpolation for the translations and the SphericalLinear Interpola-
tion (SLERP) for the rotations.

2.2.2.1 Interp olation of origin position For the origin of the B-scan,a
cubicinterpolation is usedto estimatethe origin of the \virtual" planeat time
stamp t. The Key function is usedto carry out a direct cubic interpolation
and is de ned as:

(a+ 2)jtji> (a+ 32+ 1if 0 jtj < 1,

ajtj® bSat’+ 8ajtj 4a if1 jtj< 2, 3)
0 if 2 jtj

L) =

TV AR OO

With a = % ' is a C! function and a third order interpolation is obtained
[20].In practice, four B-scansare usedfor cubicinterpolation. This seemgo be
an optimal trade-o betweencomputational time and reconstruction quality.

For example,the interpolation of the origin position along x axis Ty readsas:

tycr2

() = Tu(k)' (T k) (4)

k=t; 1

2.2.2.2 Interp olation of rotation parameters The rotation parame-
ters of eat B-scanare corverted into a quaternion which is a compactrepre-
sentation of rotations within a hyper-complexnumber of rank 4:

g=w+ix +jy+ kz (5)



This represetation of rotations, allows to take into accourt the coupling of
rotations during the interpolation step. The quaternion represeting the rota-
tions of the \virtual" planeis obtained through a SphericalLinear Interpola-
tion (SLERP) [21] at time stamp t:

whereq; and g+, arethe unit quaternionscorresmpnding to B-scansof time
stampsti andti + 1;and represets the anglebetweenq; and g;+; computed
as:

= cos (0 :Gh+1) (7)

The oriertation of the \virtual" planeis cortained in ¢. Then, X T and X[,
are obtaineddirectly, sincethey have the same2D coordinates(de ned in eat
B-scans)as X;.

2.3 Lakeling

It is possiblethat a part of the reconstructed volume is visible on se\eral
time stamps (or view points) of the B-scanssequenceThesedi erent time
stampsare computed during the labeling step soasto track this information

and fully exploit the spedle decorrelation. In this way, a label vector L

cortaining time stampsof the nearestB-scansis built for eat voxel. In case
of asimpletranslation, Lx = (t;;t;+ 1) is the label vector of voxel X while t;
and t; + 1 arethe time stamp of the nearestplanes.For more complex probe
motions with multiple scanning angles,Lx is composed of seweral couples
of time-consecutie B-scans:Lx = ((ty;t; + 1);(tp;to + 1);::). Afterward,
Lx is usedto build K, which also dependson interpolation degreen, thus
Kn= ((tz n+ 1;:5t+ n);(t; n+ 15t + n); ). For instance, with

an interpolation degreeequalsto 1 and two view points (see Fig. 3), the
\virtual" planebetween( 1; t1+1) IS rst computedto estimatethe distance
of X to ( t1; t1+1)- Then, the \virtual® planebetween( 2; t2+1) iScomputed
to estimate the distanceof X to ( (2; t2+1). INdeed, all the positions of the
nearestB-scansare not usedat the sametime to estimatethe probetrajectory,
only the consecutie B-scansin time are usedsimultaneously Nonethelessall
the pixels on the nearestB-scansare used simultaneously to estimated the
intensity of voxel X .
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Fig. 3. lllustration of a multi-scanned voxel X at two dierent time stamps
t; and t,. For an interpolation degreeequalsto 1, the two couples of B-scans
( t1; t+1) and ( ¢2; t2+1) are taken into accourt to evaluate the intensity of X

(ile Kn = ((ty;te + 1);(t2;t2 + 1))

3 Material
3.1 UltrasoundPhantom sequen@s

A Sonositesystemwith a cranial 7 4M Hz probe was usedto acquire the
ultrasound images. The positions of the B-scanswas given by a magnetic
miniBIRD system (AscensionTednology Corporation) mounted on the US
probe. The StradX software [10] was usedto acquire imagesand 3D posi-
tion data. The phantom is a CIRS Inc.! 3D ultrasound calibration phantom
cortaining two calibrated volumetric ellipsoids test objects. At the acquisi-
tion depth, only one of the ellipsoidsis visible in the eld of view. The two
sequencesisedfor the experimerts are composedof 510 441 B-scans(204
B-scansfor fan motion and 222 B-scansfor translation motion, seeFig. 4).

3.2 UltrasoundIntr a-operative sequenes

For intra-operative sequenceghe sinuosity cranial probe wascoupledwith the
Sonona Medtronic systemin animage-guidedheurosurgerycortext. Contrary
to the miniBIRD tracker, the Sonona systemis basedon an optical tracking
to estimatethe spatial probe positionssert to the neuronavigation system.The
sequencesvere acquiredduring neurosurgicalproceduresafter the craniotomy

L http://www.cirsinc.com
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Fig. 4. B-scanssequencesisedduring evaluation. Left: fan sequenceRight: trans-
lation sequence.

step but before opening the dura. US-sequencels composedof 59 B-scans
(223 405) and US-sequence®df 46 B-scans(223 405), seeFig. 5.

3.3 Magnetic Resonane Intr a-operative sequen@s

In freehandultrasound imagingthe validation stepis not an easytask because
the \ground truth"” doesnot exist. In orderto overcomethis problem, magnetic
resonancesequencesvere built on geometry of the ultrasonic intra-operative
sequencesgseeFig. 5 at bottom). Firstly, the intra operative trajectorieswere
usedto re-slicethe preoperative magnetic resonancevolume of the patient.
Then, a stack of MR-scanswas built on the imagesobtained by the re-slicing.
Finally, the reconstructedMR volume was comparedto the \ground truth"
(i.e the correspnding preoperative MRI volume). As the US-sequenceghe
MR-sequencels composedof 59 MR-scans(223 405) and MR-sequencedf
46 MR-scans(223 405), seeFig. 5.

The following ewvaluation aims at studying the impact of the probe trajectory
incorporation independertly of the compounding, the sequence$ollow simple
fan and/or translation motion.

4 Evaluation framew ork

The performanceof the proposedmethod was comparedwith two other in-
terpolation approades:the VNN technique usedin StackX [10] and the DW
method presertied in [14]. For the VNN method, ead voxel is projected on
the nearestB-scanand its luminanceinterpolated bilinearly. In the DW tech-
nigue, ead voxel is projected orthogonally on the 2n nearestB-scansand its
luminanceis interpolated (seesection2.1 and Fig. 1).

Within this ewaluation framework, the in uence of two parameterswas stud-



Fig. 5. Top: Intra-operative B-scanssequence®f brain usedduring evaluation. The
low-grade glioma and vertricles are visible in white. Left: US-sequencelRight:
US-sequence2Bottom: Intra-operative MR-scans sequence®f brain built on B-s-
canssequencesLeft: MR-sequencelRight: MR-sequence2ln MR imagesthe low{
grade glioma and the vertricles appearsin gray.

ied:

\The distancebetweentwo consecutie B-sans". The sequencés sub-sampled
thanks to SelectS)X, which simulates a lower frame acquisition rate, in or-
der to arti cially increasethe distancebetween2 consecutie B-scans.The
evaluation framework studiesthe probe trajectory interpolation impact ac-
cording to the distance betweentwo consecutie B-scans.

\The sizeof the interpolation kernel". For ultrasound phantom sequences,
the removed B-scansare reconstructedwith di erent methods and di erent
interpolation degreeqfrom 1 to 2 for DW and PT methods).

2 http://mi.eng.cam.ac.uk/~rwp/stradx/utilities.h  tml
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4.1 For UltrasoundPhantom Data

To assesshe reconstruction quality, evaluation data can be createdfrom any
image sequencegiven a sequencef 3D freehandUS, ead B-scanis removed
from the sequenceand then reconstructedby using the other B-scans.This
\leave one out" procedureis performed for ead B-scan. The Mean Square
Error (MSE) is usedas quality criterion:

21 e 2
MSE(M = 5 (k) 1(x) ®)
=1

j=

wherel, is the original image at time t (removed from the sequence)J; the
reconstructedimageand P is the number of pixel in this B-scan.After M SE
estimation for all B-scansof the sequencewe compute the mean and the
standard deviation of the reconstruction error.

__ 1 X7 M SE (t) 9)
B N 2n t=n+1
1 o
2= M SE 2 1
N 2n t:m( SE(t) ) (10)

N is the total number of B-scanin the sequenceand n the interpolation kernel
degree.

4.2 For Magnetic Resonane Seuenes

Contrary to ultrasound phantom data, for MR-sequenceshe \ground truth” is
known. The evaluation framework directly compareghe reconstructedvolume
V and the correspnding volume V in preoperative MRI. Firstly, the MR
sequencegpbtained by reslicing the pre-operative MRI accordinglyto the US
trajectory, was reconstructed with the three ewvaluated methods. Secondly
the correspnding MR volume V (in terms of eld of view and resolution)
was computed using cubic interpolation. Finally, the reconstructed volumes
obtained with VNN, DW and PT were comparedto the \ground truth" V
(seeFig. 6). The MSE betweenV and V, obtainedwith the di erent methods,
was evaluated after removing the badkground (i.e. voxels zerointensity). The
transformation matrix given by the neuronavigator is usedto registerthe US
and MR images.This registration is not correctedwith an externalregistration
procedure since only the intra-operative trajectory is required and usedto
createthe stadk of MR-scans.This meansthat tracking and calibration errors
are removed : thereforereconstruction errors can be studied independerily of
other sourcesof errors.

11
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Fig. 6. lllustration of the validation framework usedfor the MR-sequences.

5 Results

The reconstructions were performed on a P4 3.2 Ghz with 2Go RAM. In
order to only compare interpolation times, the total computational time is
divided asfollows: Lme correspndsto labeling stepand | jne correspndsto
interpolation time. The labeling step consistsin constructing the label vector
K, for ead voxel X (describedin 2.3).

5.1 |Interpolation Function

In this section,the Key interpolation of rotation parametersis comparedwith
the theoretically optimal approad descrited in paragraph2.2.2.2.The direct
interpolation of ead parametercan be consideredas an approximation of the
SphericalLinear Interpolation (SLERP) becausethe coupling of rotations is
not takeninto accoun. Howeer, for small rotations, this appraximation leads
to very similar results. Table 1 comparesthe reconstruction quality using
the SLERP and interpolation appraximation. The SLERP interpolation is
theoretically correct, but experimerts shoved that reconstruction results are
similar. This is dueto the cortinuity of probe motion and the proximity of two
consecutie B-scans.Consideringtheseresults, the Key interpolation will be

12



usedin the rest of the paper in order to decreasdhe computational burden.

SLERP KEY
Motion Mean Distance | L time | time ltime
Fan 0.3mm 4145 | 215 109 355 | 215 11.0 114
0.9 mm 1455 | 479 161 370 | 478 159 111s
Translation 0.2 mm 42s | 163 29 440|162 29 138&
0.6 mm 20s | 451 121 413 | 451 121 138&

Table 1

Error measurescomposedof mean and standard deviation for the Spherical
Linear Interpolation (SLERP) and the Key interpolation. Results on phantom se-
guenceindicate that the improvemen in terms of interpolation quality with SLERP
was not signi cant whereasthe computational time increased.

5.2 Phantomseguene

mfor fan sequence mfor translation sequence

160

: . . . 160
== VNN == VNN
[ Dw
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0.2 0.4 0.6 0.8 1 12 14 1.6 18 0.2 0.4 0.6 0.8 1 12
Mean distance between B-scans in mm Mean distance between B-scans in mm

Fig. 7. Variation of error reconstruction relatively to distance betweentwo consec-
utive B-scanson phantom sequencewith interpolation degreeequalsto 1. Left fan

motion, right translation motion. Three methods are evaluated: VNN, DW and PT.

The PT method outperforms others methods especially on sparsedata.

Resultson phantom sequenceg¢describedin section3) are presered in Figure
7 and Table 2. Figure 7 shawvs the in uence of the meandistancebetweentwo
B-scanson the reconstruction error with two typesof motion (i.e. translation
and fan). Table 2 presens the error and computation time for di erent inter-
polation degreeq1 and 2). In all casesthe PT method outperformsthe VNN
and the DW methods especially on sequencesvith few B-scans.The probe
trajectory is especially relevant to compensatefor the sparsity of data. When
the distance of a given point to the B-scansconsideredin the interpolation
increasesthe orthogonal projections and probe trajectory di er signi cantly.
This distance introduces artifacts for the DW method. For distancesclose
to 0:2mm, DW and PT methods are equivalert. The di erence betweenPT

13



Motion Distance In terp olation VNN DW PT
between degree | time | time | time
B-scans

Fan
L time = 0.3 mm n=1 33:4 13:5 20s 22:6 11:6 44s 21:5 11:0 114s
414s

n=2 26:2 12:5 46s 22:9 10:6 122s
L time = 0.6 mm n=1 60:7 21:6 21s 41:1 16:9 31s 33:0 14:2 114s
215s

n=2 46:6 17:6 44s 38:2 14:1 124s
L time = 0.9 mm n=1 89:4 25:2 20s 61:3 19:4 30s 47:8 15:9 111s
145s

n=2 67:6 18:6 43s 56:2 14:2 118s
Translation
L time = 0.2 mm n=1 28:2 9:6 20s 15:9 4:8 37s 16:2 2:9 138s
42s

n=2 19:1 6:4 49s 18:3 3:5 149s
L time = 0.4 mm n=1 60:6 22:9 21s 36:3 13:9 32s 29:3 8:6 138s
27s

n=2 43:0 14:5 47s 35:8 8:7 147s
L time = 0.6 mm n=1 89:3 29:6 20s 57:1 18:3 31s 45:1 12:1 138s
20s

n=2 63:7 17:5 46s 52:9 11:1 146s

Table 2

Error measurescomposedof meansquareerror  and standard deviation for the
di erent methods (seesection 4). Lime is the time spernt for labeling, while | jme
is the time spert for interpolation. Results indicate that the PT method obtains
better results than the VNN and the DW methods. The improvemen in terms of
reconstruction quality is obtained at the expenseof a slight computational increase.

and DW, in terms of mean squareerror for translation and fan motion was
expected to be greater. We think that the phantom imagesdo not cortain
enoughstructures to really shov the reconstruction quality improvemer in
caseof fan motion. Apart from the ellipsoid in the image certer, the image
cortains only spedle. For the fan sequencethe di erence between PT and
DW, in terms of projection, is substartial for voxels that are far from the
rotation certer, that is to say in deepareas.The deepregionsdo not corvey
structural information but mostly spedle.

Initial image VNN DW PT

Fig. 8. Di erences betweenoriginal (left) and reconstructed B-scanfor fan sequence
with n = 1. From left to right: the Voxel NearestNeighbor, the Distance Weighted

interpolation and the Probe Trajectory methods. This shavsthat the error between
the reconstructedB-scanand the initial imageis visually lower with the PT method,

especially on the contours of the object.

Figure 8 shows the di erences betweenthe original and the reconstructedB-
scanswith the VNN, DW and PT methods. Visually, the PT reconstruction
appearscloserto the original B-scan,what ts the numerical results of Table

14



5.3 MR Intra-operative sgquenes

Figure 9 shaws the in uence of the mean distance betweentwo consecutie
B-scanson the reconstruction error. The mean squareerror is computed be-
tweenthe \Ground Truth" and the reconstructedvolume. The PT method
outperformsthe VNN and DW approadesespecially on sparsedata. Figure
10 presetts slicesextracted from initial MR volumeand the reconstructedMR
volume. Visually, the PT method presenes more the edgesand the cortrast.
Comparedto DW method, the PT method improvesthe reconstructionresult
especially on edgeswhosedirection is correlated with probe trajectory.

Mean square error for MR-1 sequence Mean square error for MR 2 sequence
35— T T T T T T
~~ VNN -~ VNN
DW e 25H DW
30 —FPT PR —PT

25t 27 4 20

20+
w
0]
s

15r

101

1 15 P 25 B 1 15 2 25 s
Mean distance between MR-scans in mm Mean distance between MR scans in mm

Fig. 9. Variation of mean reconstruction error relatively to the distance between

two consecutive MR-scanswith interpolation degreeof 1. Left MR-sequencelright

MR-sequence2Three methods are evaluated: VNN, DW and PT. The PT method
outperforms others methods especially on sparsedata.

5.4 US Intr a-operative segquenes

The dimension of the reconstructed volume are 263 447 306 for US-
sequenceand 286 447 234for US-sequence®ith resolutionsof (0:188 0:172 0:180).
The reconstruction process,with a multithreading implemertation on an In-

tel Pertium Dual Core CPU at 3.40GHzwith 2Go RAM, takes22(s for US-
sequencelnd 154s for US-sequence?.

The reconstructionsof B-scansdataset US-sequenceare presented in Figure
11 and US-sequence2re presetted in Figure 12. Visually, the VNN method
leadsto many discontinuities and createsarti cial boundaries(seeimage at
the top right of Fig. 12). The DW method generally smooths out the edges
and spoils the native texture pattern of US image more than PT (seeat the
bottom of Fig. 12).
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\Ground truth"

VNN DW PT

Fig. 10. Results for MR-sequencesf brain. Top: the \ground truth” and the recon-
structions obtained via the di erent methods for a meandistance betweenMR-scans
of 1:8mm. On the bottom: the imagesof the di erence betweenthe \ground truth”
and the reconstructed volume. Visually, the PT method presenes more the edge
continuity and the contrast. The di erence imagesshawv that the PT method cre-
ateslessartifacts and appearscloserto the \ground truth”, especially on vertricles
edges.

The actual implemenrtation of methods can be largely optimized ascompared
to StakSX, which producesall reconstruction processe®f translation phan-
tom sequencen 10 secondswith the VNN method (62swith our implemerta-
tion of VNN). Although the labeling step needssigni cant improvemen, this
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MRI VNN

DW PT

Fig. 11. Results for US-sequencebf brain. Top: the preoperative MRI and the US
reconstruction obtained with the VNN method. On the bottom: the reconstruction
obtained with DW and PT approades. The low-grade glioma and the cerebralfalx
appear in gray in MR image and in white in US images. From left to right the
VNN, DW and PT methods. The imageshighlight the inherent artifacts of VNN
(i.e. discortinuities) and DW (i.e. blur) methods. Theseresults underline that the
PT method presenesthe edgescortinuity and the native texture of US image more
than VNN and DW method.

study aims to comparecomputation time betweenidertical implemertations
of methods. The increasedquality of reconstructionfor the PT method is ob-
tained at the expenseof a slight increaseof the computation time. Nonetheless
this sidee ect seemdo bereasonablewith regardsto the reconstructionqual-
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MRI VNN

DW PT

Fig. 12. Results for US-sequencedf brain. Top: the preoperative MRI and the US
reconstruction obtained with the VNN method. On the bottom: the reconstruction
obtained with DW and PT approades. The low-grade glioma appearsin gray in
MR image and in white in US images.Visually, the PT method presenesmore the
edgescontinuity especially on sulci edges(seeat the certer bottom of images).

ity. Contrary to moreelaborated techniqueslike non-rigid registration or RBF,
which are considerablycomputationally expensiwe, the PT approad o ers an
attractive compromisebetweencomputation time and reconstruction quality.

6 Discussion and conclusion

This paper presered a 3D freehandultrasound reconstruction method explic-
itly taking into accour the probe trajectory information. Through an evalua-
tion framework, it shows that the proposedmethod performsbetter than tra-
ditional reconstruction approadties(i.e. Voxel NearestNeighbor and Distance
Weighted interpolation) with a reasonableincreaseof the computation time.
The main limitation of PT method is the assumptionof constart probe speed
betweentwo slices.Nonethelessthis hypothesisis reasonablewhen using a
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decen frame rate (more than 10Hz). Moreover, the direct interpolation of ro-
tation parametersinstead of SphericalLinear Interpolation (SLERP) doesnot
introduce artifacts but accelerateghe reconstruction process.The evaluation
results underline the relevance of probe trajectory information, especially on
sequencewvith low framerate acquisitionsor large distancesbetweentwo con-
secutive B-scans.The PT method is a trade-o betweenreconstruction error
and computational time. The resultsshav that the hypothesisof a correlation
betweenthe signal structure and the probe trajectory is relevant. Indeed, in
practice, the probe trajectory and signal structure are correlated becausehe
medical practitioner tends to follow the structure of interest (seeon Fig. 11).
The preciselocalization of anatomy and pathology within the complex 3D
geometry of the brain remains one of the major di culties of neurosurgery
Thus, image-guidedneurosurgery (IGNS) is an adequatecortext to exper-
iment the proposedmethod becausethe reconstruction quality is of utmost
importanceand the time dedicatedto imagereconstructionis limited. The PT
method is thus interesting for applications where an accurate reconstruction
is neededin a reasonabletime. Further work should be pursuedfor compar-
ing the PT reconstruction approad with registration basedapproades[17].
Registration basedapproadhes avoid artifacts of slice misregistration due to
errorsin tracking data (i.e. trajectory) and/or tissue deformation. The com-
pensation of tissue motion can be especially interesting in neurosurgerydue
to the complex problem of soft tissue deformationsalso known as brainshift.
Howeer, since the registration is a computationally expensiwe process,the
bene t for imagereconstructionshould be studied. Then, our implemertation
could belargely optimized usinggraphiclibrary implemertation (ex: OpenGL)
or grid computation especially for IGNS purpose.Finally, the impact of PT
reconstruction on registration (mono and multimodal) to compensatefor er-
rors of localization and brainshift needsto be investigatedfurther. Indeed,the
current pitfalls of the neuronavigator systemare: the errors causedoy geomet-
rical distortion in the preoperative images,registration, tracking errors [22],
and brainshift.
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