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Abstract

In order to analyze Magnetic Resonance brain Images (MRI), Bu-
robiologists need to de ne landmarks. These points charadrize the
anatomy and are identi able on each subject, so that they canbe
used as a reference system. Manually detecting these poinia 3D
structures is tricky even for experienced neuroscientists This work
focuses on the automatic detection of the Head of the Hippoaapus
from the gray levels of the MRI. The proposed algorithm is conposed
of two parts. Firstly it deals with a training set in order to | earn a
template, which is a random image. Secondly it takes in inputnew
images and predict the Head of the Hippocampus location, usig the
template. The predicted point is the location where the tempate "ts
the best in the image. This approach had to face with image namal-
ization and gray level distributions estimation. In additi on in order
to reduce the computation time, the informative voxels wereselected
using conditional variance. Finally, experimental results are obtained
on images provided by Craig Stark, Department of Psychologial and
Brain Sciences, the Johns Hopkins University, USA.
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1 Introduction

The central dixculty of the analysis of functional neuroimagng studies is
the huge variability of the brain's structures. The alignmentof the scans
is the rst step of any study. However classical methods are not agate
enough to allow a powerful comparison between experiments. Dig some
points in the brain, called landmarks, will facilitate the algnment process,
even if up to now the landmarking has been a manual step. The dlenge is
to complete this tough task automatically.

To make the correspondence between two images, point-basedistgtion
methods need suitable landmarks. Two di®erent approaches loétautomatic
detection of landmarks may be distinguished. In the rst case atamark is
de ned as a point where the surface curvature is strong [1]. Thenay also
but not necessarily corresponds to manually de ned landmarks. hE main
strategy for automatic detection uses 3D lters, to identify hgh response lo-
cations as potential landmarks. Consequently this method hde deal with
false positive, but several solutions are proposed.

In the second case, the landmark is previously manually de ned a point
which characterizes the anatomy and which is detectable inl &cans. Points
like the Anterior Commissure (AC) or the Posterior Commissure (PG)used
by J. Talairach and P. Tournoux [2] to perform the so-called Tairach trans-
formation on MRI, o®er a coordinate system for the whole brainAlthough
this aligning transformation has been performed on the imagesome struc-
tures are not clearly located in the brain. Therefore it is neessary to add
landmarks which characterize the structure location, indegndently to the
reference system. These points are often extreme voxels of a stme, like
the apex of the hippocampal head or the tail of the hippocampu Once
these two landmarks have been detected, the location of theppiocampus is
perfectly known, allowing to align accurately the structurs.

We will focus on the second class of landmarks, and more partiatly on the
head of the hippocampus (HoH). There is no literature in the dettion of
such points in Magnetic Resonance Images. The exceptions are A PC
[3] [4], but they are singular points, whose detection may be csidered as
easier than detecting the head of the hippocampus for exampl&o perfect
the alignment seven to eleven points are needed, we chose to tstath only
one landmark, the apex of the left hippocampal head.

The algorithm we are going to use is composed of two parts. The rehe is
the o®-line algorithm that consists in learning the location fothe landmark
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thanks to the training set's images. It takes in input the gray évels of the
image and gives in output a probability map, which is called &emplate in
the rest of this thesis. The second part is the online algorithm, lich takes
in input new images, and gives in output a prediction of the HoHolcation,
using for the prediction the template created in the rst step.

This thesis is structured as follows. We will rstly discuss in seatin 2 the
issue of images' manual landmarking and in section 3 the normalton of
the images. Secondly we will introduce in section 4 the model wese to
predict the landmark location. Then, once we have obtaineche template
(section 5), we will consider di®erent ways to select informaé variables in
this template (section 6). Finally, some results obtained on meimages are
presented (section 7).



2 The tricky detection of the Head of the
Hippocampus

2.1 The Hippocampus in the brain

The brain is described in three parts:

2 the forebrain is the largest part of the brain, mainly made ofhe cere-
brum and that contains also the thalamus, the hypothalamus anthe
limbic system.

2 the hindbrain includes the cerebellum, the pons and the metia ob-
longata.

2 the midbrain is a structure between the forebrain and the hingrain.
This is the region where connections between the spinal cordchthe
brain are made.

A great and simple introduction to Brain anatomy can be found &[5].

The Hippocampus is a part of the limbic system, a neuronal systemroe
posed of disparate anatomical structures, with common functisn Among
its di®erent units there are the Hippocampus itself and some inadiate sur-
rounding structures, like the amygdala and the subiculum. Theippocampus
received its name because of its seahorse shape. It is describdtl tiree
parts, the body which is sagitally oriented, the head and the thwhich are
both transversally oriented. It is composed of two interlockig U-shaped
laminae, consisting of the cornu Ammonis and the gyrus dentatusThe
reader is referred to [6] for additional details about the aatomy. The gure

1 presents the spatial organization of the structures close togthippocampus
in a sagittal slice.

2.2 Working on Magnetic Resonance brain Images

Professor Stark from the Department of Psychological and BraiBciences,
The Johns Hopkins University, USA, provided MRI of the brain, acqued
on a Philips Intera 3-Tesla scanner with resolution ofrhim?3. The images are
161£ 191£ 151 mm and visualized with the software AFNI [7]. They were
manually transformed to the Talairach space. The purpose of thistep is
to surround the entire brain within a grid system, so that all the sans can
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Figure 1: MRI image, Sagittal section of the brain centered on the hippocampus, Bar,
10mm. The dot corresponds to the apex of the head of the hippocampus. 1, hippocampal
head cornu Ammonis, 1', hippocampal head gyrus dentatus, 2, hippocampal tail, 3uncal
apex, 4, temporal horn of the lateral ventricle, 5, amygdala, 6, subiculum, 7 parahip-
pocampal gyrus, 8, cerebellum, 9, lateral ventricle, 10, middle cerebral artery

be aligned in the same position. It is a rigid transformation to aoordinate
system based on the line between the anterior commissure (AC) anbet
posterior commissure (PC). Three other lines are used: the verél AC and
the vertical PC which are perpendicular to the AC-PC line, ad the midline,
which follows the interhemispheric ssure. The volume obtairkis limited by
a set of landmarks on the cortical periphery, [2]. Since thisansformation is
already performed on the images we will use as a training set.etlproposed
method must be used after the Talairach transformation.

Even if it is often manually perform, some methods exist to pesfm it auto-
matically. We found two papers that describe automatic identcation of AC
and PC for the Talairach registration. Both papers distinguishtwo steps,
“rst the midsagittal plane extraction and then the detection d the land-
marks. (V@rard et al., 1997) [3] used scene analysis to determitihe location
of AC and PC once the midsagittal plane has been extracted. (Haand



Park, 2003) [4] nd AC and PC by template matching, using tempmite of
well conserved surrounding shapes in the image like the corpualasum's
edge. These methods are excient for the AC and PC automatic dssttion,
however the used approaches are speci c to these particular ptsi consid-
ered as easy to detect, since they are isolated in the brain struces.

Once the alignment has been performed, we note remaining wadility of

approximately 10 mm for the apex of the head of the hippocampu It shows
that even if the transformation has a great accuracy at the wHe-brain scale,
it ignores the neuroanatomical boundaries or landmarks.

2.3 Manual Detection of the Head of the Hippocampus
(HoH)

The apex of the head of the hippocampus is de ned as the extrenpoint
of the hippocampus in the sagittal slice that corresponds to thkargest ex-
tension of the head. This point is really tough to landmarked ith precision
because of the three dimensional structure of the hippocampus.hd angle
of the structure with the slices orientation varies from one imge to another.
Consequently, neuroscientists have to imagine the 3D image tad the best
slice and then landmark the extreme point on the head, which sometimes
almost spherical. A white thin line that outlines the boundarywith the
amygdala helps to locate the apex.

The result obtained with an automatic detector depends lardg on the train-
ing set precision. Even if it is ditcult to evaluate the human peformance
in HoH landmarking, we ask to both an expert and a graduate studémno
landmark twice the same images, with several weeks between thveotex-
periments. The mean Euclidian distance between the two landme of the
expert is 93mm with standard deviation (33 0:96. We consider it as a stan-
dard reference for our scans. Student's results are slightly @if@nt, leading
to a mean distance of ®2mm with a standard deviation of 198. To nish,
we measured the distance between student's and expert's landhk& The
mean distance is 26mm (%= 0:98). Even if the student may reach the pre-
cision of the expert with further training, these results show hae challenging
it is to landmark the HoH, even manually.



3 Modelling the gray levels to normalize the
images

To use the gray levels it is previously necessary to normalize theages.
Magnetic Resonance brain Images should ideally be composed mf/dhree
intensities corresponding to the three matters that are in thérain. The
lowest intensities correspond to the Cerebrospinal Fluid (CSF)he interme-
diate gray levels to the gray matter (GM) and the highest intesities to the
white matter (WM). Of course there are also some intermediate t@nsities
due to the mixed voxels which make the segmentation of MRI a chenging
problem. In our case we are looking for a continuous segmentatj to reduce
the space of the gray levels to a three dimensional space. Oneeimgity is
then characterized by its probability to be in each of the thee matters.
Di®erent approaches, that might be complicated, are used indar to solve
this problem, we will rst consider the easiest, that is to modelhe gray levels
distribution as a mixture of 3-Gaussian distributions.

One image is considered as a set of voxdls 2 Sg, each voxel being
associated with a gray level intensitys 2 |. The location of the apex of the
hippocampal head is notated/ and corresponds to one voxel of the image.

3.1 Mixture of Gaussian distributions

Let's de ne the random variable Zs that gives the type of matter j 2
fCSF; GM; WM g at the voxel s, then the Gaussian mixture can be written,
for a given imagei:

ﬁ - . . X‘g
P(Xs=Xs) = P(Xs=XsjZs=J)P(Zs=]j) = ® g (Xs)
j=1 j=1
. 1 iXsi tij?
with g (xg) = a——expi =111
2 %

The eight parameters of the mixture are estimated on each imady an
EM algorithm [8]. The algorithm consists in two alternative aml iterative
steps: Expectation and Maximization. We de ne a starting poinby kmeans
and a maximal number of iterations. The log-likelihood of themarginal



density is maximized over the parameterg, the hidden variables®.
X Z
max  log  pu(®;x)d* (®)
M

s2S

The solution is given by the derivative undern It is equivalent to say
that: )

d .
= d_ulogpu(:;xs)JXs =0 (1)

SO h+1, given L, is solution of: E,, [A(ph+1jXs)] = O.

In case of a Gaussian mixture, one has to maximize ovyeland ® for the
given the imagei:

X x3 ® H Xsi 1 jzﬂ
log &——=exp | o7
2s M 4

Here p = (®;%;; /f) and the ® are the hidden variables containing the
proportions of the matters in the mixture. Let's de ne:

VI |
. Xsi 1ij°
Pu(js Xs) = q&exp i JS'TJJ (2)
21/43%24 24

Given the result of then™ iteration, the posterior probability (2) can be writ-
ten thanks to the parameters of the previous iteration, thiss the Expectation
step.

n+l) — o (lgj(n)gj(n)(xs)

3
jo=1 ®J(Q)gj(8)(xs)

Pr (J 1%s)"

For the Maximization step, one has to solve the equation (1). lease of a
mixture of Gaussian distributions, the partial derivatives of 2) admits an
analytic solution.

@3
sotl (MY — ps2s P (J [Xs)Xs
J M —
s25 Pu. (J 1Xs)

= #j O(Xsi 1j°)
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With N the cardinal of S, the solution for the other parameters is:

P .. P . .1 (n).2 e
®(n+1) — s2S pun (J JXs) and 371% (n+1) _ szsdxs | i 1Py (J JXS)
] 0 - '

N s®»s P (J szo)

3.2 Results on the images

The normalization is performed on all the images independiy) both on the
training set and on the testing set. The full histogram of one imagis too
huge and contains also voxels from the background. Therefome decided to
use a 41-by-41-by-41 voxel box centered on AC (this point israhdy known
since all the images are displayed in the Talairach view). We assa that
this box contains the same structures, even if it also contains a atharea of
the brain that may be variable. The histograms obtained on tis box vary
from one image to the other, so we can distinguish three types dtograms,
‘gure 2. The rst type (2a) is formed by three easy to separate p&a that

) ) G

" ) ) .
50 100 150 200 250 300 350 400 50 100 150 200 250 300 350 400 O 50 100 150 200 250 300 350 400

Figure 2: Gaussian mixture parameters estimation on the 41-by-41-by-41 voxel box
around AC. In red are the three estimated Gaussian distributions, the dot green ihe
represents the cumulative distribution. (a) corresponds to a histogram with wel sepa-
rated peaks, (b) corresponds to a case with unclear boundary between GM and WM, (c)
corresponds to a pathologic case: there are almost no CSF peaks.

respectively correspond to the CSF, the GM and the WM. In some o¢h
histograms (2b) the gray matter and the white matter do not hae a clear
boundary, so there is one large peak accumulating the two class&he third
type (2c) is characterized by a really small amount of CSF, so # there are
no clear peaks.

The result of the EM algorithm varies a lot from one image to artber,
depending on the histogram. The (2a) type gives good results cis mod-
eled by three separated Gaussian distributions. The (2b) histogres have
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a correct Gaussian for the WM, but the CSF and GM are modeled with
large variance distributions, that t badly to the observations. The (2c) his-
tograms correspond to the worse results. The estimated parametdead to
a higher probability of GM than the probability of CSF even inthe lowest
intensities. Some common e®ects are also observed. The peaksMfaad
WM, sometimes the CSF's too, are really sharp, that lets think Hat the
Gaussian distribution is not accurate to model the gray levelsistribution.
We are more concerned about the behavior of the CSF peak. It s$hifted
to the right because of the distribution truncation in the negéive values.
The concern is also for the tails of the distributions. Because @k larger
variance, in case (2b), the gray matter will be more likely intie very high
intensities than the white. We decided not to take care on thiaspect rst,
considering that these voxels are rare enough to be neglected.

For the training set, we kept 14 images whose graylevels distuition is cor-
rectly modeled.

3.3 Improving the model of the gray levels

There are di®erent ways to improve the model accuracy. Theqgilem of
modelling the gray levels has been studied as a segmentatiorolglem by
many researchers. The reader is refereed to a good tutorial orRMsegmen-
tation, [9]

One of the options is to model separately the pixels that conta more than
one matter, either GM and CSF or GM and WM.These sets are calledhé¢
partial volumes. This approach is important when one wants testimate the
volume of a structure with accuracy [10]. The simplest way to tlse voxels
in account is to introduce two additional Gaussian distributims to obtain a
“ve component mixture. This mixture ts better, but there are still some
problems in the distribution choice and in the EM results.

If one has an hand-segmentation of the image or of a part of ithén a more
complicated model can be used. This time the number of Gaussiaongpo-
nents is not xed at the beginning. Each matter is itself subdided as a
Gaussian distribution mixture without a priori information about the num-
ber of components [11]. Even if there are some solutions to thember of
components determination problem that are proved to be etent asymptot-
ically, the problem is still debated in the nite situations.

Adding constraints on the parameters during the estimation, sdat the gray
for example could not be modeled with a large variance distuition is an-
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other way to improve the accuracy of the graylevel model. F@xample it is
possible to introduce a prior distribution on the parameters.

Finally it might also be interesting to try a mixture of di®erert type of dis-
tributions. We may lost the possibility to write analytic solutions for the EM
but it may allow us to 't better the observed histograms.

4 The translation model

Our approach uses the gray levels of a subset of vox&ls~ S to predict the
location of the landmarkY. X4 and Zs are respectively the gray level inten-
sity and the matter at the voxels. We would like to express the expectation
of the HoH location given the observations at the voxels &, E[YjXa].

To express this expectation we are making some assumptions.

2 1st assumption: the prior distribution . The observed location
of the landmark in the training set is contained in a 7-by-8-y8 voxel
box. Since it would introduce a large error to underestimatehe initial
variance, we decided to enlarge the initial box. We assumed ththe
prior is a Uniform distribution p(y) on a 11-by-12-by-12 voxel boy/ .
The problem is then to nd one voxel in this set.

1
= 3
PY) = 3)
2 2nd assumption: conditional independence of the intensiti es.

We assume that the intensitiesX s are independent given the location
of the HoH Y. It simpli es a lot the expression of the expectation.

Y
P(XajY)=  P(X4Y) 4)
s2A
2 3rd assumption: the translation model . We assume that the

matter j observed in the imagda at the voxel s depends only on the
translation betweens and the HoH locationy.

Pi(Zs = JJY = y) = Y4 (i) (5)
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2 4th assumption: conditional independence of the intensity
the location of the HoH

and
. We assume that given the matterj ob-

served at the voxels the intensity x5 and the location of the HoHy are

indenpendent.

I:)i(xs = ijzs = j;Y = y) = I:)i(xs = ijzs = ])

2 bth assumption: Gaussian distributions

(6)

We assume that the

intensity X at the voxel s given the matter Zs follows a Gaussian
distribution. We arrive to the model of Gaussian mixture introdiced

in the section 3.

Pi(Xs = XsJZs =) = Gij (Xs)

(7)

The third and the fourth assumptions allow us to distinguish the potometry

and the geometry of the image. The photometry is modeled as axture of

Gaussian distributions and the geometry with the translation mdel. These
two parts of the model can be modi ed independently. The expssion of the
expectation is now much easier to write.

For the imagei,

E[Y)XA]

by (3)

And we can write:

Pi(XajY) =

by the Bayes formula =

by (5) and (6)

by (7)

X P Pi(XaJY)p(y)
y2S I:)i (XAJY)p(yg

y2S
_ X o Pi(Xa]Y)
v yev PilXajY)

Y
Pi(Xs = Xs]Y = y) by (4)

s2A

Y X3 . . . .
Pi(Xs= XsjZs = ;Y = Y)Pi(Xs = XsjZs = j)

S2A j=1

Y ﬁ - - -
Pi(Xs = XsJZs = ] )Y y(j)

S2A j=1

Y X3 _
Yai y(1)9i (Xs)

s2A j=1
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5 The template

The proportions of the matters¥s; (j ) have to be estimated at each voxel.
The resultant 3-channel random image, learned on the traingnset, is called
the template.
The rst step of its computation is to superimpose all the imagesfahe
training set, centered on the landmark locationy,. So there are as many
points as images in the training set to estimate by an EM algotim the
proportions in each location. Withj the matter, i the image of the training
set andy the location of the HoH, the log-likelihood to maximize over th
Y4 y(j) can be written:
A
X X3 1 i iy .12
|Og qwexp i JXSZIS—”J
R 4]

In the template, gure 3, each point is de ned as a translatiorto origin
Yo, the head of the hippocampus. The di®erent channels of the RGRage
represent the probability to observe at a given translation fnm y, the three
matters. There are three types of points in the template. Somare mixed
corresponding to a very variable part from an image to anothethe rest has
pure color and is either located in a large volume of same cotmron an edge.
When the color is pure it means that in most of the image this paot is in
the corresponding matter.

It is noticeable that the closer toyy a structure is, the sharper and more
precise its edges are. However, small structures around the hgqmampus
disappear. For example the white line that is used by neuroscigsts as a
boundary between the amygdala and the hippocampus, is pariarly thin,
so the variability between the images erases it.

When more images are used for the computation, some structures alurred,
and the template is smoothed even if there are still really shaidpoundaries.
This computation gives an image which is as large as the ongi, but obvi-
ously many voxels have either no links with the location of théead of the
hippocampus or bring redundant information. Therefore, iis necessary to
select carefully the relevant locations in order to reduce éhcomputing time
without loosing in accuracy.
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Figure 3: The template, sagittal slice containing the landmark, the red or black dot. The
top left image is an example of raw data, the top right is the RGB represenation of the
template (Red = %; y,(CSF), Green = %, y,(GM), Blue = Y%, y,(WM)). The second
line (a, b, c) represents the separated channels (from left to right: CSF, GM, WM) the
high intensity corresponds to a high probability of observing the matter at this location.

6 Selection of the informative voxels

The aim of the selection step is to drastically reduce the numbef voxels
necessary to compute the expectation. The challenge is to discine the
informative voxels among a lot of not informative ones.

6.1 Ranking the voxels

Sorting the voxels by their amount of information about the Hél location is
a natural idea. In a rst method, which we called the ranking m#énod (R),
the voxels which bring more information than a xed thresholdare picked.
We need to de ne a measure of the information.
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6.1.1 Expectation of the Conditional Variance

The problem allow us to use the Euclidian distance and the vamae. We
choose to rank the voxels by the expectation of the conditiohsariance.

Evx.KY i Ev(YjXs)ks (8)

(8) measures the expected variance reduction of the head ldoa Y, due
to the knowledge of the intensity observed at the voxes. However the
computation of this value is really heavy, therefore the exxtation of the
conditional variance, given the matter at each voxes is preferred.

Ev.z.KY i Ey(Y]jZs)k5 (9)
and one has
Eviz.KY i Ev(YjZo)ks - EvKY i Ey(Y)KS

It is noticeable that (9) is equivalent to (8), if for each im@ei, all the matters
have distinct supports. With the usual notations,

[3
If 1 =" 1; with 8fj;j92f1,23¢%1;\ ljo=;;
j=1
then 8x31_02 ljo;
- ﬁ . . . .
P(Y = yjXs = ijo) = P(Y =yjZs=])P(Zs=]jXs = ijo)
j=1
= HoP(Y =YyjiZs=])
EvlYiZs=]I

alsoEvy[YjXs = Xg]

Even if we are not in this case, we can assume that (9) is close to.(8)
The lower the conditional variance is, the more informativehte voxel is. The
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expectation (9) can be developed,

0 1 0 1
Y1 Y1
Y=Q@VY,A withy= @y, A; and8k 21,239 yx 2 Wk
Y3 Y3
Evz.KY i Ev(YjZs=j)k3
ﬁ . - 2
= Eviz.kYi Ey,(VZs = ])k;
k=1
XX X £ N .o
= (Vi Evi(iZs =) PMiZs=j)P(Zs=])
k=1 j=1 Yk 2 Vk
20 1, 3
_ ¥R X s@y, X op Y4, y1g(J) A p Y y1k(j) 5
k=1 'bzl vk 2 Vi yo2V Y2 Vi /éi ZEO(J) Y2 Vi /éi YEO(J) 3
A L
O @) X g W) g
k=1 j=1 ye2Vk y92 Vi 74; yod] ) =R YO Vi /a; yod] )

The last expression can be computed by convolutions so that thet&ab com-
putation of the variance takes around thirty minutes.

The conditional expectation measures the information whicks brought by
a voxel. The histogram, gure 4, shows that there is only few infmation
in the knowledge of the matter observed at one given voxel. Theest voxels
give a conditional standard deviation around 80 when the initial value is
5:84. In addition most of the voxels have really little informaton about the
landmark location, it con rms the importance of the selectio.

6.1.2 Simulation

In order to understand where the informative voxels are locad in the tem-
plate, simulated images were generated using the same gray lsymrameters
and hippocampus location in the image than in the training irages. Each
image is composed of a large sphere centered on a virtual hippopal head,
and a second smaller sphere. The intensity of the voxels containhen the
background, the large sphere and the smaller sphere was simuthtesing the
parameters of respectively the CSF, the Gray Matter or the Wi Matter.
We used the usual algorithm to compute the template and the infmation
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Figure 4: Histogram of the information contained in the template. We represent here
the squared root of the expected variance, i.e. the conditional standard deviation.

map (map of the expected variance reduction). The experimewas repeated
three times, changing the relation between the spheres and thecation of
the landmark in the simulated images, gure 5.

The points with lowest variance or standard deviation, which i@ repre-
sented in blue in the information map, are the most informative The rst
experiment shows that the points contained in a large constablor volume
are useless for the prediction. The most informative points a@spond to a
symmetric tube along the template edges which are connectealthe head of
hippocampus location, i.e. the sharp edges of the template. hW&h an edge
is not linked to the HoH location, like the small sphere in the seod simu-
lation or the large sphere in the last simulation, the correspotig template
edge is blurred and neglected by the edge detector we builtgmously. This
simulation mainly shows that the expected variance reductiois acting as a
sharp edge detector on the template.

6.1.3 Applying the edge detector on MR Images

Applying the edge detector to MR Images produces an informath map,
“gure (6), whose correspondence with the anatomical structuseare ditcult
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Figure 5: Simulated images genrerated with the parameters of the training set images
and the location of HoH in the training set. The left column represents the templaie
obtained in the 3 experiments and the right column contains the resultant information
map. The bar represents the conditional standard deviation scale. In the experiment
(a), both the small and the large sphere are rigidly linked to the HoH locaton. In the
experiment (b), the smaller sphere is totally independent. In the experiment (c), thelarge
sphere is linked to the location of the HoH,29ut with a little noise.



to nd. The informative parts of the brain are represented in hue, since the

Figure 6: Sagittal slice of the information map. the black dot represents the HoH locaion
and the color bar the conditional standard deviation scale. Blue corresponds to lowalues
and red to high values.

conditional variance is low. The front and back edges of theerebrum seem
to be interesting, whereas the top part is less informative, pbably because
of the circumvolutions variability. The most informative part is close to the
landmark (the black dot) and corresponds to the boundary of wte matter

and gray matter. In addition, the cerebellum edges response the edge
detector, even if there is no easy anatomical explanations.

We have some informative points, but it remains the question ohe number
of points to use. In the easiest method we threshold the ranking dikeep all
the points below the limit. Even if the size reduction is alredy huge, most
of the selected voxels are redundant, so that we believe it islsfpossible
to remove lots of them. However using redundant variables mayabe some
advantages like protecting from over tting, [12].

6.2 Avoiding redundancy thanks to spatial constraints

We believe that close voxels contain similar information, anthat it is pos-
sible to select only few points and to reach a comparable accaya Spatial
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constraints are added to the selection process, which is thenledl (R+SC).
The points are now chosen if and only if they are at leastndm away from
all the previously selected voxels. To compare the selected psim the two
methods we ran this second algorithm on the sets of selected fejrsee the
table 6.2. The e®ective of points drop o®, because most of therth were
spatially related. On the one side, spatial constraints parti®§ suppress the
redundancy but on the other side, the set of selected points b&ges sensitive
to over tting. This selection process has a complexity oB(N), with N the
initial number of points.

Method Nb of selected points selected
R 186 | 2230| 5846| 13,902| 30,348/ 62,178
R+SC| 6 40 | 91 204 402 724

Table 1: Number of voxels selected with the Ranking method (R)rawith
the Spatial Constraints method (R+SC). The set of R correspondexactly
to all the voxels below the threshold, and lot of voxels are remwed from this
set thanks to the spatial constraints. The di®erent thresholds ar5.10, 5.20,
5.25, 5.30, 5.35, 5.40.

6.3 Voxel Selection by Conditional Variance
6.3.1 Principle

Another way to pick the best voxels would be to select the sé&t = ft(1);:::;t(K)g
of voxels that minimizesEy.z KY i Ev(Y]Ziq); :::;Zt(K))kg. But this expres-
sion required to estimate 2*! probabilities with a reduced size of sample.
In (Fleuret, 2003) [13], the author proposes a new approach d&d on con-
ditional mutual information to solve an equivalent selectionproblem. He
deals with the trade-o® between the information given by adéure and the
independence to the already picked features. We adapted theethod to the
conditional variance and called it R+CV. The selection follow the iterative
scheme:

t(1) = argmin EKY j E(Y]Zs)k5 (10)
S 1 Ya

8k;2- k<K;t(k+1) = argmin rpall(xEkYi E(YjZs; Zipy)k5 (11)
S .
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To interpret this minmax criterion, one can write it:
Z; an already selected voxelZs a remaining voxel,Ay the subset of voxels
selected afterk iterations:

852 S;8t 2 A EKY | E(Y|Zs; Z)K2
= EKY | E(YiZo)kEi EKE(YiZs)i E(YiZs;Z)K3

Because
2 3

EvEz,z, (Y i E(YiZei20) §E(YIZ) i E(YiZsi2) (226

A(Zs:Z
2 ( t) 3

= Bv AAZsi 20 Bz (Y i E(]Z6120)Z61 245 =0
0

Finally (10) can be written as

n (0]
min EKY i E(Y]Z)K3j min EKE (Y]Z) i E(YjZs; Z)kK5 (12)
S

The st part of (12) favors informative voxels, whereas the semd favors
voxels di®erent from the previous picked ones. For two infoative voxelss
and s°, if s is equivalent to an already picked voxel, then the second teria
zero. If s%is di®erent then the second part add a negative term, that make
the total smaller; sos®is chosen.

6.3.2 Implementation

The implementation of this selection is more complicated. Webtained by
personal communication from Fransois Fleuret, an excienigorithm to com-
pute it. Whereas the naive implementation has a complexityf(K £ SE£ T)
with K the number of features to selectS the total number of features,T
the number of already picked features at a given step, he intdaces a huge
reduction in variance calculation. During the iteration the quantity whose
minimum is looking for, can only increase when updated. Consemtly it is
useless to update during this iteration all the scores that arelready above
the temporary selected one. Adapted to the variance, it givehi¢ algorithm
1.
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Algorithm 1:  Selection algorithm using the conditional variance

initialization;
for s=1:Sdo
ps(s) A EKY i E(YjZs)kZ;
m(s) A 0;
end
m(1) A argming(ps);
for s=1:Sdo
ps(s) A EKY i E(Y|Zs; Zmq))K3;
m(s) = 1,
end
main iterations;
for t=2:K do
sa= EKY | E(Y)k3;
for s=1:Sdo
while ps(s) <smandm(s) <t j 1do
m(s) = m(s) + 1; ¢
pS(S) = max pS(n),EkY i E(szs;znu(m(s)))k% ;
end
if ps(s) <sathen
sa = ps(s);
nu(t) = s;
end

end
end
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There are 2 initialization loops on all the features becauséthe properties
of the conditional variance. The shortcut described above ipplying from
iteration 3 up. Indeed the second loop is computing the condinal variance,
but this variance is always inferior to the initialization, so that to nd the
minimum we have to calculate all the scores.

852 S;EKY | E(Y|Zs;Zmu)Ks - EKY i E(YjZs)k3 (13)

It takes around 60 minutes to select 700 points among 60,000ha&veas the
time-consuming computation of (12).

7 Results

The algorithm is tested on the training set and then on new image For
numerical reasons we are not able to compute the expectati&jY jX ], the
product of probabilities is rounded to zero when the cardidaof A is too
large. For the following results, the prediction of the HoH lod#on is given
by the point of V that maximizes the probability P(X AjY). All the selection
methods are tested with the online algorithm. The test is compad for the
R method with 186, 2230 and 6000 points; it corresponds to all éhpoints
that have an expected standard deviation below respectively.l5 5.20 and
5.25. The second test is performed using the R+SC method with up 750
points. Finally the R+CV method is tested using the same e®ectiva points
than in the second experiment.

The prediction error is the Euclidian distance between the @ert's landmark
and the predicted location, gure 7 and gure 8.

7.1 Testing on the training set

Whichever selection method is chosen, the mean error decreasd®n the
number of voxels increases. However, the amount of points necegda ob-
tain a stable accuracy depends on the selection method.

For the ranking method, it is already stabilized with 2230 vogls. When
spatial constraints or constraints on the conditional variane are added, this
threshold drop o® to 750 voxels.

We compare the results of the di®erent methods. the best accuyachieved
is 198mm (%= 0:82). With only 750 voxels the second and the third meth-
ods achieve an accuracy of respectively5Bmm (3% = 1:37) and 296mm
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(%= 1:95). We obtain the smallest variance with the rst selection andte

best mean error with the second. As for the computation time, itdkes sev-
eral minutes to predict a location thanks to the rst method am only several
seconds with the second and third one. We believe that the ramig selection
is a lot more robust to over tting; it could explain its low mean error and its

low variance. The less robust is probably the Conditional Vaaince selection
where redundancy is almost totally removed. The results seem tmn rm

this lack of robustness since its variance and mean error are thighest. Be-
cause of the computation time and the best achieved accuracye prefer the
selection of voxels with spatial constraints.

If we compare the results with the human performance, see subsent2.3,

it is clear that the algorithm is learning the location of theHoH, since it al-
most reaches the expert's accuracy @83mm, %= 1:37; Q93mm, %= 0:96).

However we have to keep in mind that the nal error mean is to adtb the

initial error of the expert in the training set.

Surprisingly, the algorithm is unable to predict the locatimm of the HoH for
one of the images of the training set. Looking at the singular iage, we
notice that it is an image with almost pathological gray leved behavior. We
will verify in the subsection 7.2 that this gray level modellig may have an
in°uence on the prediction quality.

7.2 Testing on a new set of images

We rstly use 5 images whose gray levels are correctly modeled. ikscase
of the training set, the mean error decreases when voxels aredad. The
thresholds of stability seem to be the same even if the nal resulte not
as good as the results previously reached. The best accuracyiacéd is
a mean error of d1Imm with %= 2:08 with the ranking method. Adding
spatial constraints modi es a little the results with a mean eror of 4.14mm
and %= 1:75. The results are worse with the third selection algorithm,
achieving a mean error of 832mm (%= 2:55).

The more voxels are used, the best the results are. The method hvit
constraints on the conditional variance is less robust than thether: both the
resultant mean error and variance are high. Even with the rankg selection
that is using up to 6000 points to do the prediction, the resultseem to be
guite not good, even if they are comparable to student's resslt This high
generalization error could be explained by the small size ofdhraining set.
At each location 2 parameters are estimated, plus the seleati@f only few
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voxels. It may explain the over tting of the training set. Using nore images
may help to learn more variability and to decrease the geneiztion error.
Secondly we made the same prediction on four images whose gragls are
badly modeled. They are from the third group described in the gure 2.
Because the probability of the CSF is always low, the distinain between
the CSF and the GM is not good. Therefore we thought that the el
would not be able to predict correctly the location of the HoH. The test
on this set of images do not con rm this intuition. Indeed the esults are
similar to those obtained on the other testing images. (R::80mm; %= 1:93;
R+SC: 4:14mm; %= 2:09). To explain that, we made the hypothesis that
the algorithm is using more voxels on boundaries between GM@& VM than
on boundaries between CSF and GM. We will need to look more e#ully at
the location of the selected voxels, to validate or invalidatéhis hypothesis.

8 Conclusion and Future work

The method we proposed is applicable at any location of the braand pre-
dicts a location in only few seconds. The rst improvements wilbe to use
more images for the template estimation and to overcome the merical lim-
itations to obtain the expectation and the covariance mati. We will then
be able to know how the candidates voxels are distributed. Wdsa hope
that this complementary information about the prediction eror will help us
to understand why sometimes the algorithm is unable to predidhe good
location.

Since in the model the photometry is separated from the geonngtof the
image, we can imagine improvements independently for thesea questions.
For the photometry, the priority is to improve the model of the gray levels.
It could be helpful to add constraints in the EM and/or to modify the dis-
tributions in the mixture to t the peaks of the histogram. We could also
consider a new volume, built by neuroscientists that would deease the noise
in the normalization box.

As for the geometry, the model deals only with translation beteaen the land-
mark and the observed voxels. We will try to take in account othetrans-
formations or deformations in the model. Up to now we are onlysing the
gray levels of the image. We will use other features combinedthvthe gray
levels.

Since several landmarks have to be detected, we can try to wgokirwise or

27



even with more landmarks at the same time. Indeed we believeathdetect-

ing

simultaneously the head and the tail of the Hippocampus forxample

may be more ezxcient than detecting them independently.
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Figure 7: From top to bottom the graphics represent the prediction error depending on
the number of voxels used in the online algorithm with respectively the R, R+SC and
R+CV method. A bar corresponds to a single image of the training set.
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Figure 8: From top to bottom the graphics represent the prediction error depending on
the number of voxels used in the online algorithm with respectively the R, R+SC and
R+CV method. A bar corresponds to a single image of the testing set.



