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Fig.3 Loation of the landmarks on the surfae of the hippoam-pus. The blue rosses designate the three main landmarks whilethe red rosses orrespond to the lateral ones.

Fig.2 Tissue Probability Map obtained from a trainingset of 38 images, registered with 15 landmark orre-spondenes. The voxels in white have a high probabilityto belong to the orresponding tissue type. Top: sagit-tal view, Bottom: transversal view.

Fig.4 Average image, after reg-istration of the testing set us-ing the Talairah alignment (topleft), the automati landmarks(bottom left) and the manuallandmarks (bottom right).

EXPERIMENTSThe algorithm is demonstrated on the simultaneous detetion of15 landmarks, loated on the hippoampus (Fig.1 and 3) in T1-weighted MRI of resolution 1mm3. (38 images in the trainingset and 9 images in the testing set). The set of landmarks isomposed of:�The apex of the Head of the Hippoampus (HoH), the Tail(HT), the posterior Apex of the hippoampal unus (UA),� 3 sets of 4 landmarks loated on slies orthogonal to the mainaxis HoH-HT.Landmark mean error (automati) mean error (initial)all 2.75 (0.53) 3.45 (0.55)HoH 3.32 (1.56) 3.10 (1.75)HT 2.60 (0.94) 3.55 (1.92)UA 2.32 (1.03) 2.73 (1.72)O1� 2.90 (1.34) 3.21 (1.36)O2� 2.53 (1.21) 3.26 (1.75)O3� 2.84 (1.78) 4.11 (2.17)Table 1 Eulidean distane (mm) between estimated and pre-dited landmarks.

Given a new image I, the estimated loation of the landmarks isgiven by likelihood maximization over �, the parameters of thetransformation �.1) Learn the image photometryAs in the training step, use the EM algorithm.2) Maximize the LikelihoodUse a gradient method to maximize the likelihood of I, startingfrom � = 0, i.e. � = Id .� Projet � onto a subspae using the �rst d (d � 3K) prinipalomponents (PCA).~� = D�; with ~� 2 Rd ; D 2Md�3K:�The likelihood is approximated by:
lnL(�) '∑t2T ln 6∑j=1 gj(�(x))P (Zt = j)jJ�(t)j

with jJ�(t)j the absolute value of the deformation's Jaobian.The gradient of lnL( ~�) with respet to � an be omputedexpliitly to perform gradient asent.3) Loate the predited landmarks The predited po-sition of the landmarks is given by :L̂ = �̂(L�)

OPTIMIZATION

HT

UA

HoH

CSF

HT

UA

HoH

GM

HT

UA

HoH

WM

GivenN training images andK landmarks, de�ne L� = 1N∑Ni=1Li .1) Learn the photometry of eah imageIdentify the tissues of the brain: CSF, GM, WM, CSF-GM, GM-WM and outliers (skull, blood vessels...). Eah intensity x ismodeled as a mixture of Gaussian distributions:
P (Xv = x) = 6∑j=1 �jgj(x); with { gj � N (�j ; �2j )

∑6j=1�j = 1
Learn the photometri parameters of eah image, (�j ; �2j ), usingthe EM-algorithm.2) Register the images of the training setTransform eah image by ��1i suh that the landmarks lie in thesame loation, ��1i (Li) = L�.3) Learn the tissue probability mapTo eah voxel t of the Tissue Probability Map, orresponds a ve-tor of observed intensities from the registered training set. Esti-mate the proportions of eah tissue type at eah voxel, P (Zt = j),by a transversal EM-algorithm.Small deformationsWe de�ne � a small deformation of R3 as the spline interpolationof the displaements at the landmarks.� : R3 ! R3

t ! t + K∑k=1 �kp2�3�3k exp
(�kt � L�kk22�2k

) ;
where �k 2 R is a smoothing parameter hosen suh that � isinvertible and �k 2 R3 is the displaement parameter.

� is a small deformation of R3 suh that �(L�) = L.Assuming onditional independene of the voxels, the onditionaldistribution of the intensities of an image is:
P (Xj�) = ∏v2V

6∑j=1 P (Xv = x jZv = j)
︸ ︷︷ ︸Photometry P (Zv = j j��1)

︸ ︷︷ ︸Geometry :
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We use a probabilisti model of the intensities of the image voxelsv 2 V . Let:�Xv be the image intensity at voxel v , Zv the unobserved tissuetype (CSF, GM, WM) at voxel v ,� Li 2 V K be the loation of the landmarks in the image i , andL� = 1N∑Ni=1Li a �xed on�guration of K landmarks.

MODEL ESTIMATIONPROBABILISTIC MODEL
Fig.1 Examples of landmarks.
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We propose a generi algorithm, for 1 or more landmarks, basedon a probabilisti model of the image intensities.This requires to model the photometry and the geometry, andto hoose a family of small deformations.In this setting, estimating the position of the landmarks in a newimage is simply �nding, by likelihood maximization, the "best"deformation that mathes the tissue map onto the image.

LANDMARKING IMAGESAnatomial landmarks, i.e. well de�ned points in the anatomy,provide meaningful information on the loal geometry. They arewidely used to analyze shapes or as ontrol points for many reg-istration algorithms [1℄,[2℄.However their detetion, whih remains manual, is a tedious andtime-onsuming task, even for speialists.
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Spline-Based Probabilisti Model for Anatomial Landmark Detetion
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