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Abstract: During a neuro-surgical intervention, the brain tissues shift and warp. Inorder to keep an accurate positioning of the surgical instruments, one has to estimate thisdeformation from intra-operative images. We present in this article a feasibility study of atracking tool based on intra-operative 3D ultrasound (US) image sequences. The automaticprocessing of this kind of images is of great interest for the development of innovative andlow-cost image guided surgery tools. The di�culty relies both in the complex nature of theultrasound image, and in the amount of data to be treated as fast as possible.Key-words: Non rigid registration, 3D ultrasound images, Tracking, Augmented reality,Image guided surgery



Suivi des déformations du cerveau dans des séquencestemporelles d'images ultrasonores 3DRésumé : Lors d'une intervention neuro-chirurgicale, le cerveau se déplace et se déforme.Pour garder un positionnement correct des instruments chirurgicaux par rapport aux struc-tures d'intérêt, on doit estimer cette déformation à partir d'images per-opératoires. Nousprésentons dans cet article une étude de faisabilité d'un algorithme de suivi de déformationutilisant des séquences temporelles d'images ultrasonores 3D per-opératoires. Le traitementautomatique de ce type d'images est du plus haut intérêt pour le développement de nouveauxoutils chirurgicaux guidés par l'image qui soient innovants et à bas prix. La principale di�-culté réside dans la nature complexe des images ultrasonores et dans la quantité de donnéesà traiter le plus rapidement possible.Mots-clés : Recalage non-rigide, images ultrasonores 3D, suivi temporel, réalité augmen-tée, chirurgie guidée par l'image



3D US tracking fo brain deformations 31 IntroductionThe use of stereotactic systems is now a quite standard procedure for neurosurgery. How-ever, these systems are only accurate under the assumption that the skull and the brainmove together as a unique rigid body during surgery. In practice, relative motion of thebrain with respect to the skull (also called brain shift) occurs, mainly due to tumor resec-tion, cerebrospinal �uid drainage, hemorrhage or even the use of diuretics. Furthermore,this motion is likely to increase with the size of the skull opening and the duration of theoperation.Over the last years, the development of real-time 3D ultrasound (US) imaging has re-vealed a number of potential applications in image-guided surgery as an alternative approachto open MR and intra-interventional CT. The major advantages of 3D US over existing intra-operative imaging techniques are its comparatively low cost and simplicity of use. However,the automatic processing of US images has not gained the same degree of development asother medical imaging modalities, probably due to the low signal-to-noise ratio of US images.1.1 ContextWe present in this article a feasibility study of a tracking tool for brain deformations basedon intra-operative 3D ultrasound (US) image sequences. This work was performed withinthe framework of the European project ROBOSCOPE, a collaboration between The Fraun-hofer Institute (Germany), Fokker Control System (Netherlands), Imperial College (UK),INRIA (France), ISM-Salzburg and Kretz Technik (Austria). The goal of the whole projectis to assist neuro-surgical operations using real-time 3D ultrasound images and a roboticmanipulator arm (�g. 1). The operation is planned on a pre-operative MRI (MR1) and 3D
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Figure 1: Overview of the image analysis part of the Roboscope project.
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4 Pennec & Cachier & AyacheUS images are acquired during surgery to track in real time the deformation of anatomicalstructures. The �rst US image (US1) is acquired with dura mater still closed and a rigidregistration with the preoperative MR is performed. This allows to relate the MR and theUS coordinate systems and possibly to correct for the distortions of the US acquisition de-vice. Then, brain deformations are tracked in the time-sequence of per-operative US images.From these deformations, one can update the preoperative plan and synthetize a virtual MRimage that matches the current brain anatomy.1.2 MR/US registrationThe idea of MR/US registration is already present in (Erbe et al., 1996) where it is performedby interactively delineating corresponding surfaces in all images and a visual rigid �tting ofthe surfaces using a 6D space-mouse. In (Hata et al., 1998), a Chamfer matching techniqueis used to rigidly register the MR surface to the outlines of the 2D US image. In (Gobbiet al., 1999; Gobbi et al., 2000), the 2D US probe is optically and rigidly tracked aftera proper calibration and the corresponding MR slice is displayed to the user who markscorresponding points on MR and US slices. Then, a thin plate spline warp is computed todetermine the brain shift. This method is also developed in (Bucholz et al., 1997) with thepossibility of using 3D US images and a deformation computed using a spring model insteadof splines. In these studies, there is no processing of a full time sequence of US images : thebrain shift estimation is limited to a few samples at given time-points as the user interactionis required at least to de�ne the landmarks.Recently, an automatic rigid registration of MR and US images was presented (Rocheet al., 2000). This work is based on image intensities and does not rely on feature extraction.However, the estimated motion remains limited to rigid or possibly a�ne transformations.Up to our knowledge, only (King et al., 2000) deals with an automatic non-rigid MR/USregistration: the idea is to register a surface extracted from the MR image to the 3D USimage using a combination of the US intensity and the norm of its gradient in a Bayesianframework. The registration is quite fast (about 5mn), even if the compounding of the 3DUS and the computation of its gradient takes about one hour. However, experiments arepresented only on phantom data and our experience (see section 3) is that real US imagesmay lead to quite di�erent results.1.3 Tracking methods in sequences of US imagesSince non-rigid MR/US registration is a di�cult problem, we chose to split it into twosubproblems: �rst a rigid MR/US registration is performed with dura matter still closed(there is no brain shift yet), for instance using the approach of (Roche et al., 2000). Thenwe look for the non-rigid motion within the US time-sequence. In the literature, we founda small number of articles on the registration of 3D US images. (Strintzis and Kokkinidis,1997) use a maximum-likelihood approach to deduce a similarity measure for ultrasoundimages corrupted by a Rayleigh noise and a block-matching strategy to recover the rigidmotion. In (Rohling et al., 1997a), the correlation of the norm of the image gradient is usedINRIA



3D US tracking fo brain deformations 5as the similarity measure to rigidly register two US images in replacement of the landmark-based RANSAC registration of (Rohling et al., 1997b). However, these methods only dealwith rigid motion and consider only two images, eluding the tracking problem.One has to move to cardiac application to �nd �nd some real tracking of non-rigid mo-tion in US images. In (Papademetris et al., 1999), the endo and epi- cardial surfaces areinteractively segmented on each 2D image plane. Then, a shape-memory deformable modeldetermines the correspondences between the points of the 3D surfaces of successive images.These correspondences are used to update an anisotropic linear elastic model (�nite elementmesh). The approach is appealing but relies once again on an interactive segmentation. In(Sanchez-Ortiz et al., 2000), a combination of feature point extraction (phase-based bound-aries) and a multi-scale fuzzy clustering algorithm (classifying the very low intensities ofintra-ventricular pixels) is used to segment the surface of the left ventricular cavity. Thisprocess is done in 2D+T and then reconstructed in 3D. Thus it exploits the whole sequencebefore tracking the motion itself, which is not possible for our application. These two meth-ods are well suited for the shape of the cardiac ventricle using dedicated surface models.If they could be adapted to the brain ventricles, it seems di�cult to extend them to thetracking of the volumetric deformations of the whole brain.1.4 Intensity based non-rigid registration algorithmsSince feature or surface extraction is especially di�cult in US images, we believe that anintensity-based method can more easily yield an automatic algorithm. Over recent years,several non-rigid registration techniques have been proposed. (Bajcsy and Kova£i£, 1989)di�erentiated the linear correlation criterion and used a �xed fraction of its gradient as anexternal force to interact with a linear elasticity model.(Christensen et al., 1997) show that the linear elasticity, valid for small displacements,cannot guaranty the conservation of the topology of the objects as the displacements becomelarger: the Jacobian of the transformation can become negative. Thus, he proposed a viscous�uid model of transformations as it can handle larger displacement. This model is alsolinearised in practice.(Bro-Nielsen, 1996) started from the �uid model of Christensen and used the linearityof partial derivative equations to establish a regularization �lter, several order of magnitudefaster than the previous �nite element method. He also justi�ed his forces as the di�erentialof the sum of square intensity di�erences criterion, but he still used a �xed fraction of thisgradient, and shows that Gaussian smoothing is an approximation of the linear elastic model.Some authors (Maintz et al., 1998) tried to apply to non-rigid registration some criteriadeveloped for rigid or a�ne matching using bloc-matching techniques. However, these crite-ria require a minimal window size, thus limiting the resolution of the result. Moreover, theregularization of the displacement �eld is usually implicit, i.e. only due to the integrationof the criterion over the window, which means that it is di�cult to explicitly control theregularity of the sought transformation.Recently, (Thirion, 1998) proposed to consider non rigid registration as a di�usionprocess. He introduced in the images entities (demons) that push according to local char-RR n° 4091



6 Pennec & Cachier & Ayacheacteristics of the images in a similar way Maxwell did for solving the Gibbs paradox inthermodynamics. The forces he proposed were inspired from the optical �ow equations.This algorithm is increasingly used in several teams as reported by (Dawant et al., 1999;Bricault et al., 1998; Webb et al., 1999; Prima et al., 1998). In (Pennec et al., 1999; Cachieret al., 1999), we investigated the non-rigid registration using gradient descent techniques.Di�erentiating the sum of square intensity di�erences criterion (SSD), we showed that thedemons forces are an approximation of a second order gradient descent on this criterion.The same gradient descent techniques were applied to a more complex similarity measurein (Cachier and Pennec, 2000): the sum of Gaussian-windowed local correlation coe�cients(LCC).1.5 Overview of the article organisationIn this article, we develop an automatic intensity-based non-rigid tracking algorithm suitedfor real-time US images sequences, based on encouraging preliminary results reported in(Pennec et al., 1999; Cachier et al., 1999). We �rst present the registration method fortwo US images. We detail in section 2.1 a new parameterised deformation �eld. Then, wede�ne in sections 2.2 and 2.3 the similarity and regularization energies, which are optimisedin section 2.4 using a gradient descent algorithm. We show in section 2.6 how to turn theregistration of two images into a tracking algorithm. In section 3, we present qualitativeresults of the tracking algorithm on a sequence of US images of a phantom, and quantitativeresults on a small sequence of US images of a dead pig brain with a simulated cyst. Ourresults tend to justify the choices of the similarity energy and of the model of deformations,particularly with the longer term goal of achieving a real-time tracking system.2 The tracking algorithmWhen analysing the problem of tracking the brain deformation in 3D US time-sequences, wemade the following observations. First, deformations are small between successive imagesin a real-time sequence, but they are possibly large deformations around the surgical toolswith respect to the pre-operative image. Thus, the transformation space should allow largedeformations, but only small deformations have to be retrieved between successive images.Second, there is a poor signal to noise ratio in US images and the absence of information insome areas. However, the speckle (inducing localised high intensities) is usually persistentin time and may produce reliable landmarks for successive images. As a consequence, thetransformation space should be able to interpolate in areas with few information whilerelying on high intensity voxels for successive images registration. Last but not least, thealgorithm is designed in view of a real-time registration during surgery, which means that,at equal performances, one should prefer the fastest method.Following the encouraging results obtained in (Pennec et al., 1999; Cachier et al., 1999)for the intensity based non-rigid registration of two 3D US images, we adapt in this sectionthe method in four di�erent directions, according to the previous observations. We �rst look
INRIA



3D US tracking fo brain deformations 7for more robust free-form transformations. Then we compare di�erent image similarity cri-terion and di�erent optimisation strategies. Finally, we transform the registration algorithminto a tracking tool suited for time sequences.2.1 Parameterisation of the transformationThe brain shift is only a small deformation, but the introduction of surgical tools and theremoval of tissues near the region of interest may locally introduce some large deformations.Simple transformations, like rigid or a�ne ones, can be represented by a small number ofparameters (resp. 6 and 12 in 3D). When it comes to free-form deformations, we need tospecify the coordinates T (x) of each point x of the image after the transformation. Sucha non-parametric transformation is usually represented by its displacement �eld U(x) =T (x)� x (or U = T � Id), sampled at each voxel. This strategy proved to be successful intextured enough regions but induces regularization problems in large uniform areas (as it isthe case in the phantom sequence of section 3.1).We found that a re-parameterisation of the transformation was necessary to induce morerobust transformations. We previously had a displacement ti for each voxel position xi.Now, ti represents a parameter of a smooth transformation de�ned by:T (t1; :::tn)(x) =Xi ti:G�(x� xi) (1)Note that when � goes to 0, the parameterisation tends toward the previous parameterisa-tion. The transformation is described as being a sum of Gaussians, rather than a sum ofDiracs. Therefore, the gradient descent algorithm uses the derivatives of the similarity withrespect to the displacement of an entire group of voxel, which is more robust to noise.2.2 Similarity energyEven if there is a poor signal to noise ratio in US images, the speckle is usually persistent intime and may produce reliable landmarks within the time-sequence. Hence, it is desirableto use a similarity measure which favours the correspondence of similar high intensities forthe registration of successive images in the time-sequence. First experiments presented in(Pennec et al., 1999; Cachier et al., 1999) indicated that the simplest one, the sum of squaredi�erences (SSD), could be adapted. Let I be the reference image and J �T the transformedimage to register; the criterion to minimise is:SSD(T ) = Z (I � J � T )2In (Cachier and Pennec, 2000), we developed a more complex similarity measure: the sumof Gaussian-windowed local correlation coe�cients (LCC). Let G?f denote the convolutionof f by the Gaussian function G. We de�ne the local mean by �I = (G ? I), the localvariance by �2I = G ? (I � �I)2, and the local correlation of I and J � T by LC(T ) =RR n° 4091



8 Pennec & Cachier & AyacheG ? �(I � �I)(J � T � J � T )�. Then, the global criterion to maximise is the sum of the localcorrelation coe�cients: LCC(T ) = Z LC(T )�I :�J�TWe showed that this criterion can be derivated up to the second order using only recursiveGaussian convolutions which are very fast and in a time independent of the standard de-viation of the Gaussian. Thus it may be optimised using a gradient descent like the SSDcriterion.We run most of the experiments presented in section 3 with the LCC criterion and we didnot �nd signi�cative di�erences with the results of the algorithm using the SSD. However,the LCC is still around 2 times slower than the SSD. Since the computation time of theUS-US non-rigid registration is a key issue for real-time motion tracking, we preferred tokeep the SSD criterion. We believe that this choice is justi�ed anyway for the registrationof successive images in the time sequence, but it could be reconsidered for the update of theglobal deformation (transformation from the �rst image to the current one, see section 2.6)if the sequence was to present some important intensity changes along time.2.3 Regularization energyThere is a trade-o� to �nd between the similarity energy, re�ected by the visual quality ofthe registration, and the smoothing energy, re�ected by the regularity of the transformation.In the regularization theory framework, one minimises the weighted sum of the energies:Esim + �:Ereg . This formulation has proven to be successful for data approximation, andhas been used for various approaches of non-rigid registration algorithms (Hellier et al.,1999; Ferrant et al., 1999).Despite a weaker theoretical background, we chose for e�ciency reasons to alternativelyminimise each energy. This approach is chosen in many block-matching algorithms (Ourselinet al., 2000) and in some optical-�ow-based techniques (Thirion, 1998). In view of a real-time system, this is particularly well suited for the stretch energy (or membrane model)Ereg = jjrT jj2 = R Tr(rT:rT T). Indeed, the associated Euler-Lagrange evolution equa-tion corresponds to a Gaussian �ltering of the transformation. Thus, the algorithm willalternatively optimize the similarity energy and smooth the transformation by Gaussian�ltering.2.4 Minimising the similarity energy for a free-form deformationLet T be the current estimation of the transformation and (rJ �T )(x) (resp. (HJ �T )(x)) bethe transformed gradient (resp. Hessian) of the image J . A perturbation by a displacement�eld u(x) gives the following Taylor expansion:(J � (T + u))(x) = (J � T )(x) + (rJ � T )T:u(x) + 12u(x)T:(HJ � T ):u(x)
INRIA



3D US tracking fo brain deformations 9Thus, the Taylor expansion of the criterion is:SSD(T + u) = SSD(T ) + 2 Z (J � T � I) :(rJ � T )T:u+ Z ((rJ � T )T:u)2 + Z (J � T � I) :uT:(HJ � T ):u+O(jjujj2)where jjujj2 = Rx ku(x)k2:dx is the L2 norm of the small perturbation. As, by de�nition,Rx f(x)T:u(x):dx is the dot product of f and u in the space of square-integrable functions,we get by identi�cation:rSSD(T ) = 2(J � T � I):(rJ � T ) (2)HSSD(T ) = 2(rJ � T ):(rJ � T )T + 2(J � T � I):(HJ � T ) (3)Let us now approximate the criterion by its tangential quadratic form at the currenttransformation T . We get the following �rst order approximation of the criterion gradient:rSSD(T + u) ' rSSD(T ) +HSSD(T ):uAssuming that the Hessian matrix of the criterion is positive de�nite, the minimum isobtained for a null gradient, i.e.: u = �H(-1)SSD(T ):rSSD(T ). This formula require to invertthe Hessian matrix HSSD(T ) at each point x of the image. To speed up the process, weapproximate this matrix by the closest scalar matrix (for the L2 norm on the matrix vectorspace): HSSD(T ) ' Tr (HSSD(T ))n :Id = krJ � Tk2 + (J � T � I):(�J � T )3 :Idwhere n is the space dimension (3 for us). Using this approximation, we get the followingadjustment vector �eld: u ' �3:(J � T � I):(rJ � T )jjrJ � T jj2 + (J � T � I):(�J � T ) (4)In fact, when minimising the reverse SSD criterion R �I � TT � J�2, one �nd that theoptimal adjustment is given by (Pennec et al., 1999; Cachier et al., 1999):T̂ = T � (Id+ u0) with u0 = 3:(I � J � T ):rIjjrI jj2 + (I � J � T ):�Iwhich justi�es the empirical force used by Thirion's demons:v = (I � J � T ):rIjjrI jj2 + �:(I � J � T )2
RR n° 4091



10 Pennec & Cachier & Ayache2.5 Minimising the similarity energy for the new type of transfor-mationsWe now detail the di�erences induced by our new parameterisation of the free-form trans-formation on the SSD criterion. Using the Gaussian parameterisation of the transformation(eq. 1), ti is now a parameter of the transformation. Let G(xi;�) ? f denote the convolutionby a Gaussian of variance � centered at xi. Deriving the SSD w.r.t. this parameter gives:rSSD(T ) = 2G(xi;�) ? �(J � T � I):(rJ � T )� (5)HSSD(T ) = 2G2(xi;�) ? �(rJ � T ):(rJ � T )T + (J � T � I):(HJ � T )� (6)Thus, the Gaussian parameterisation acts as a smoothing on the gradient and Hessianof the energy. Therefore, it will be more robust and may escape from previous local minimawhile encouraging smoother transformations. In this article, the optimisation is performedusing a method similar to Levenberg-Marquardt.2.6 From the registration to the tracking algorithmIn the previous sections, we studied how to register two US images together. We now haveto estimate the deformation of the brain between the �rst image (since the dura mater isstill closed, it is assumed to correspond to the preoperative brain) and the current image ofthe sequence. One could think of registering directly US1 (taken at time t1) and USn (attime tn) but the deformations could be quite large and the intensity changes important. Toconstrain the problem, we need to exploit the temporal continuity of the deformation.First, assuming that we already have the deformation TUS(n) from image US1 to USn,we register USn with the current image USn+1, obtaining the transformation dTUS(n). Ifthe time step between two images is short with respect to the deformation rate (which shouldbe the case in real-time sequences at a rate ranging from 1 to 5 images per second), thisregistration should be easy. Moreover, the intensity changes should be small. For this step,we believe that the SSD criterion is well adapted.Then, composing with the previous deformation, we obtain a �rst estimation of TUS(n+1) ' dTUS(n) � TUS(n). However, the composition of deformation �elds involves interpo-lations and just keeping this estimation would �nally lead to a disastrous cumulation ofinterpolation errors:TUS(n+ 1) = dTUS(n) � dTUS(n� 1) : : : dTUS(2) � dTUS(1)Moreover, a small systematic error in the computation of dTUS(n) leads to a huge drift inTUS(n) as we go along the sequence.
INRIA



3D US tracking fo brain deformations 11
UST     (n)

UST     (n+1)

dT     (n)

US 1 US n US n+1
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Thus, we only use dTUS(n) � TUS(n) as an initialisation for the registration of US1 toUSn. Starting from this position, the residual deformation should be small (it correspondsto the correction of interpolation and systematic error e�ects) but the di�erence betweenhomologous point intensities might remain important. In this case, the LCC criterion mightbe better than the SSD one despite its worse computational e�ciency.One of the main consequences is that the �rst US image will have to be of very highquality since it will be the only reference for tracking deformations along the whole sequence.One possibility consists in acquiring several images of the still brain in order to compute amean image of better quality. Another possibility consists in performing some anisotropicdi�usion on US1 to improve its quality.3 ExperimentsIn this section, we present qualitative results of the tracking algorithm on a sequence of USimages of a phantom, and quantitative results on a small sequence of US images of a deadpig brain with a simulated cyst. Experiments were performed using the SSD and the LCCcriterion without signi�cative di�erences in the results. Since the LCC is around 2 timesslower than the SSD, we present here results and computation times for the SSD criterion.3.1 A Phantom studyWithin the ROBOSCOPE project, an MR and US compatible phantom was developed byProf. Auer and his colleagues at ISM (Austria) to simulate brain deformations. It is made oftwo balloons, one ellipsoid and one ellipsoid with a �nose�, that can be in�ated with knownvolumes. Each acquisition consists in one 3D MR image and one 3D US image (see Fig. 2 foran example). The goal is to use the US sequence to track the deformations and compute thecorresponding virtual MR images from the �rst MR image. Then, the original MR imagescan be used to assess the quality of the tracking.Since the US probe cannot enter the MR machine, it was removed for the MR acquisi-tions. Thus, we had to compensate for the apparent motion of the probe by �rst computinga rigid registration of all the US images together. Then we run the deformation trackingalgorithm. The registration of each image of the sequence takes between 10 and 15 minuteson a standard PC running linux.
RR n° 4091



12
Pennec&Cac

hier&Ayache US 1 US 2 US 3 US 4 US 5 US 6

Virtual US 2 Virtual US 3 Virtual US 4 Virtual US 5 Virtual US 6

MR 1 MR 2 MR 3 MR 4 MR 5 MR 6

virtual MR 2 virtual MR 3 virtual MR 4 virtual MR 5 virtual MR 6Figure 2: Top: 6 US images of the sequence after a rigid registration to compensate for the motion of the probeand the �virtual� US images (US 1 deformed to match the current US image) resulting from the tracking. Bottom:The �original� MR images (rigidly registered to the corresponding US images to correct for the probe motion andthe phantom motion between MR acquisitions) and the virtual MR image synthetized using the deformation �eldcomputed on the US images. To assess the quality of the tracking, we superimposed the contours of the �original�MR images. The volume of the balloons ranges from 60 to 90 ml for the ellipsoid one and 40 to 60 ml for the morecomplex one.
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3D US tracking fo brain deformations 13Results are presented in �gure 2: on the �rst line, we show the original US images afterthe rigid registration. The second line represents the �rst US image deformed to match theabove US image. On the last two lines, we show the MR image registered to the originalUS (our �ground truth�) and the virtual MR produced by the tracking algorithm. To assessthe quality of the tracking, we superimposed on the virtual MR images the contours of theballoons extracted from the �original� MR images.Even if there are very few salient landmarks (all the information in the US images islocated in the thick and smooth balloons boundaries, and thus the tracking problem isloosely constrained), results are globally good all along the sequence. This shows that theSSD criterion correctly captures the information at edges and that our regularized free-formdeformation �eld is able to interpolate reasonably well in uniform areas.When looking at the virtual MR in more details, one can however �nd some places wherethe motion is less accurately recovered: the contact between the balloons and borders of theUS images. Indeed, the parameterisation of the transformation and especially its smoothingare designed to approximate the behaviour of a uniform elastic like body. If this assumptioncan be justi�ed for the shift of brain tissues, it is less obvious for our phantom whereballoons are placed into a viscous �uid. In particular, the �uid motions between the twoballoons cannot be recovered. On the borders of the US images, there is sometimes a lackof intensity information and the deformation can only be extrapolated from the smoothingof neighbouring displacements. Since we are not using a precise geometrical and physicalmodel of the observed structures like in (Skrinjar and Duncan, 1999), one cannot expectthis extrapolation to be very accurate.As a conclusion from this experiment, one can say that elastic-like deformations arequalitatively well tracked in the sequence if there are some salient intensity landmarks sur-rounding the area of interest.3.2 Real (pig) brain imagesThis dataset was obtained by Dr. Ing. V. Paul at IBMT, Fraunhofer Institute (Germany)from a pig brain at a post-lethal status. A cyst drainage has been simulated by de�atinga balloon catheter with a complete volume scan at three steps. We present in �gure 3 theresults of the tracking. Since we have no corresponding MR image, we present on the twolast lines the deformation of a grid (a virtual MR image...), to emphasise the regularityof the estimated deformation, and the deformation of a segmentation of the balloon. Theregistration of each image of the sequence takes between 10 and 15 minutes on a standardPC running linux.The correspondence between the original and the virtual (i.e. deformed US 1) images isqualitatively very good. In fact, if the edges are less salient than in the phantom images,we have globally a better distribution of intensity features over the �eld ov view due to thespeckle in these real brain images. One should also note on the deformed grid images thatthe deformation found is very smooth.To obtain a quantitative measurement of the transformation, we segmented the �rstimage and we deformed this segmentation according to the estimated transformation �eldRR n° 4091



14 Pennec & Cachier & Ayache

US 1 US 2 US 3
Original grid Deformed grid 2 Deformed grid 3
Original seg. Virtual seg. 2 Virtual seg. 3Figure 3: Top: The 3 images of the pig brain. Middle: deformation of a grid to visualisemore precisely the location of the deformations found. Bottom: We segmented the balloonon the �rst image. Then, this segmentation is deformed using the transformation found andsuperimposed to the original US image.
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3D US tracking fo brain deformations 15(see bottom line of Fig. 3). We can now compare the volume of the deformed balloon withits theoretical value. In fact, since the segmentation originally overestimates the balloonvolume, we have to compare the ratio between the deformed volume and the original one.Image number 1 2 3Original balloon volume (cm3) 1.25 1.00 0.75Relative volume ratio 0.8 0.6Measured balloon volume 1.29 1.12 0.92Measured volume ratio 0.87 0.82The measurements indicates that we are overestimating the volume (underestimatingthe deformation) by 8% for image 2 and 27% for image 3. However, one should note thatvolume measurements are very sensitive as they relate to the cube of the balloon dimension:this corresponds to an error of less than one millimeter on the balloon diameter. Thiscould be explained by an occlusion of the lower part of the balloon probably due to anair bubble trapped inside the balloon during the experience. The estimated deformationat the occlusion being computed thanks to the regularization of the deformation �eld fromneighbouring structures, it is expected to be less than the real deformations (maximal atthe balloon boundaries).Reducing the smoothing of the transformation could allow the algorithm to �nd a closer�t. However, this could allow some unwanted high frequency deformations due to the noisein the US images. We believe that it is better to recover the most important deformationsand miss some smaller parts than trying to match exactly the images and have the possibilityto create some possibly large deformations.4 Discussion and conclusionThe algorithm presented here partly �lls the goals of the ROBOSCOPE project: it is ableto recover an important part of the deformations along the sequence and issues a smoothdeformation, despite the noisy nature of the US images. Experiments show that this allowsto simulate virtual MR images qualitatively very close to the real ones. We observed that theSSD criterion is well adapted for the registration of successive images in the time-sequenceand performs well on our examples for the update of the global transformation. However, itis possible that other types of sequences with intensity changes may require a more complexcriterion like the LCC.The type of transformation is a very sensitive choice for such a tracking algorithm.We made the assumption of a �uniform elastic� material. This may be adequate for thebrain tissues, but probably not for the ventricles and for the tracking of the surgical toolsthemselves. Indeed, they will penetrate into the brain without any elastic constraint withthe neighbouring tissues. A speci�c adaptation of the algorithm around the tools will likelybe necessary. Another possibility for errors is the occlusion of a part of a structure visiblein the US, for instance the shadowing by the endoscope.
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16 Pennec & Cachier & AyacheThe computation time is still far from real time for a continuous tracking of deformationsduring surgery but the implementation was focused on generic components in order totest di�erent criteria and gradient descent methods. A dedicated re-implementation of themethod may gain a factor 4 to 8, leading to a clinically useful tool for brain shift estimation(one estimation every minute or 2). To be further accelerated and reach real-time video-rate for instance, the algorithm must be parallelised. This would impose stronger hardwarerequirements but it is rather straightforward for both the computation of the image similarityand the regularization energies.There are di�erent parameters to tune in the algorithm but we believe that most of themcould be adjusted for speci�c types of US images sequences. More sequences are anywaynecessary to validate the estimation of the deformation.In conclusion, we developed a tracking algorithm adapted to time sequences of US im-ages and not only the registration of two images. Experiments on a phantom and on areal (pig) brain sequence show that the main part of the deformation is retrieved with asmooth deformation �eld. The image similarity criterion being independent from the typeof transformation used, it could be changed in the future to better �t the assumptions onthe US images depending on the application considered. We have shown here that the SSDcriterion performs reasonably well in view of real-time considerations, even if a speci�c par-allel version has to be designed in order to meet all the time requirements. However, moreexperiments will be needed to choose the best adapted parameterisation of deformationsand to validate the accuracy of the estimation.AcknowledgementsThis work was partially supported by the EC-funded ROBOSCOPE project HC 4018, a col-laboration between The Fraunhofer Institute (Germany), Fokker Control System (Nether-lands), Imperial College (UK), INRIA (France), ISM-Salzburg and Kretz Technik (Austria).The authors address special thanks to Prof. Auer and his colleagues at ISM (Austria) forthe acquisition of the phantom sequence, and to Dr. Ing. V. Paul at IBMT, FraunhoferInstitute (Germany) for the acquisition of the pig brain images.ReferencesBajcsy, R. and Kova£i£, S. (1989). Multiresolution Elastic Matching. Computer Vision,Graphics and Image Processing, 46:1�21.Bricault, I., Ferretti, G., and Cinquin, P. (1998). Registration of Real and CT-DerivedVirtual Bronchoscopic Imag es to Assist Transbronchial Biopsy. Transactions in MedicalImaging, 17(5):703�714.Bro-Nielsen, M. (1996). Medical image registration and surgery simulation. PhD thesis,IMM-DTU.
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