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Automatic delineation of deep nuclel in 3D

: Target
brain MRI
Input data: Brain MR Delineation of deep brain
- T1-ponderated « anatomical » MRI anatomical structures

* Dimension: 256x256x124 voxels

 Spatial resolution: 1mm (isotropic)

Slice 65 Slice 66

Slice 67 Slice 68
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Automatic delineation of deep nuclel in 3D
brain MRI

Target

caudate nucleus putamen

(volume: Atlas Harvard SPL)

thalamus
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A tool for neuroanatomic studies

Purpose

Statistical studies on MRI databases:

d Functionnal brain mapping:

Anatomic localization (IRM) of functionnal activation signals (IRMf)
occuring when the patient performs a given cognitive task (e.g calculus)

d Characterizing neurologic pathologies :

» Parkinson disease alters thalami/hippocampi volumes.

» Schizophrenia alters the shape of hippocampi.

d Data mining;:

Blind research of correlations between patient features (e.g gender,
handedness) and nuclei features (e.g shape, volume)
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Unreliable boundary information

Practical problem

zoom on region of interest

MRI slice sample Expected delineation

a priori information
IS required to achieve delineation
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Active contours and surfaces
A case study on a discrete 2D snake

Using a priori information

Delineation is achieved in minimizing the

sum of two enerqies:

a) external energy , driving points towards the
estimated boundary.

D) internal energy , minimizing:
e contour lenght (elasticity)

e contour curvature (rigidity)

> A priori hypotheses on internal energy
can be too loose
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Statistically deformable contour and surfaces Using a priori information
A case study on the 3D discrete ‘smart snake’ (PDM)

Delineation is achieved when iterative deformation o f the

prototype reaches idempotence:

a) the Intensity Model proposes a
move for each point in surface
normal direction.

b) the Statistical Shape Model (PDM),
amends the previous moves so as
to enforce shape constraints on
the prototype.

Shape
prototype
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Cootes, Taylor, Cooper, Graham: « Active Shape Models — Their Training and Application s », Computer Vision and Image Understanding, 61(1), pp 38-59, 1995.
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Point Distribution Model _ (PDM)

Overview

o b B G G i B g G

Input data: a training set of outlines of the shape to learn

Yy

output data: A *2VAm

A shape model : =1 @ @ mm 2

» generating likely shape %

instances | E

» determining wether an 5

arbitrary instance matches g

learned shape =3 %@ @@@ &

—> Explicit a priori shape information
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Cootes, Taylor, Cooper, Graham: « Active Shape Models — Their Training and Application s », Computer Vision and Image Understanding, 61(1), pp 38-59, 1995.



Point Distribution Model _ (PDM) Formatting input data

bl Al g b g by
@%@w@ﬂ@ﬂ@@

="\We must first collect various outlines
of the shape to learn

*Each shape instance must be
annotated by corresponding landmark

points ~

« A landmark is a point of correspondence in
each object that matches between and within
populations » [1]
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[1] Dryden, Mardia: « Statistical Shape Analysis » , Wiley, 1999



Point Distribution Model  (PDM) Statistical shape analysis

»Each instance annotated by n landmarks

»landmarking m shape instances in a 2D space
produces m dots in a Zn-dimensional space.

|
!

3
L=

»A mean shape X, is computed by averaging.

» PCA can extract eigenvectors p, and associated
eigenvalues v,.

10

n 1 1 I 1 1 1
[-] H | 1 L] H H m

AL > +2v

We can define an « Allowable Shape Domain » - \
(ASD) as: X=X,+Pb
N\
*P: (py, P, ..., B), Matrix of most significant eigenvectors
m=2
«b: (b, b, ..., b)7, a set of bounded shape coefficients 1

by | <= 3*sqrt(v,)

m=3 l
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Cootes, Taylor, Cooper, Graham: « Active Shape Models — Their Training and Application s », Computer Vision and Image Understanding, 61(1), pp 38-59, 1995.



Point Distribution Model _ (PDM)

No dimensional limits

i g ) by
b ) b

AL +2VAp,

m=3
*Frangi, Rueckert et al. *Gerig et al.

*Kelemen, Szekely et al. <Pitiot, Thompson et al.
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Automatic 3D PDM Building: Atlas Registration
Overview

3D Regqistration (« warp », AIR 5, Woods.)

/

Reference MRI Patient MRI

N A\ —3p 1N\

3D anatomical atlas 4 A A priori information
(Harvard SPL) ‘ projected on patient
MRI.

Anatomical map Registered map
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Automatic 3D PDM Building: Training set building using
atlas registration

Recalage «Warp » 3D (AIR 5, Woods.) [

Reference MRI Patient MRI

A M
() >

Anatomical map Registered map

J \
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Automatic 3D PDM Building:

Automatic landmarking

f(0)

. 1
T1+4+4

(6 + arccos ( (

1+a?) cosb — 2a
1+

a? — 2a cosf

)

-~ "Cauchy kernels allow compact parameterization
of n landmarks on a unit sphere

=Correspondences between shape instances and
, triangulated spheres are computed once by
¢ conformal projection

=Simplex optimizes parameterization in
guantifying compactness and accuracy of the

resulting PDM = S a

Davies, Twining, Cootes, Waterton, Taylor: « A Minimum Description Length Approach to Statisti cal Shape Modeling » , IEEE Trans. Med. Imaging, vol. 21(5), May 20

Allan Reinhold Kildeby, Rasmus Larsen: « Building optimal 3D shape models » , Masters Thesis, IMM, Technical University of Denmark, 2002



Variation modes samples

Putamen (left instance
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Automatic 3D PDM BU||d|nq Summary of contributions

*no need for (very very) tedious expert delineation

Contribution: I.:_
mi=ull

or landmarking [2] ‘F__T
imple?dj;oﬂle
Drawbacks: NN i
»No exact correspondence between automatic - _— T

delineations and MRIs > S

» The standard statistical Intensity Model is then
no more applicable [1]

» A new Intensity Model had been specifically

stfYeota_001,gpd
undi~y: A+B+C-D -
dif-rizns_norm—f
dif-stdievs_norm=Ff -
stiddevsir -f
N
1 2

NN \ N
[1] Cootes, Hill, Taylor, Haslam: «Use of Active Shape Model for locating structures in medical images» , Image and Vision Computing, vol. 12(6), June 1994.
[2] Bailleul, Ruan, Bloyet, Romaniuk: «Segmentation of Anatomical Structures in 3D Brain M RI using automatically built Statistical Shape Models» , IEEE ICIP, Oct 2004, Singapore

[3] Bailleul, Ruan, Bloyet: «Automatic Atlas-Based building of Point Distribution Model for Segmentation of Anatomical Structures in 3D Brain MRI» , IEEE ISSPA, July 2003, Paris
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Active Shape Model A detailed overview on the
standard framework

a) The landmarked shape
prototype is posed into MRI
as close as possible to
actual contours

b) the Intensity Model proposes
a move for each point in
surface normal direction.

c) the Statistical Shape Model
(PDM) finds the closest
shape instance from the
Allowable Shape Domain

(ASD)
d) Repeat b+c until
idempotence
shape prototype posed on MRI
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Cootes, Hill, Taylor, Haslam: «Use of Active Shape Model for locating structures in medical images» , Image and Vision Computing, vol. 12(6), June 1994.



Active Shape Model Main limitations in our

case study

L Shape coercion procedure is very S Sam
sensitive Ideal
e o R L2 Fit

X, = X, + Pb

— ided by intensi L )
db — PT_> provi emoé/értensny

*Designed for computation speed in 1995
(Pentium I) with 2D cases studies as reference

*\Very sensitive to training set outliers, more
frequent in 3D

U Prototype can only be deformed on
landmarks positions

» scattering of landmark observes shape variability
inferred by MDL simplex optimization

« shape coercion only works with corresponding

landmarks Landmarked putamen (258 Idks)
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Mike Rogers and Jim Graham: «Robust Active Shape Model Search» |, ECCV 2002.



Active Shape Model Improving shape

estimation
O Workaround: outliers elimination or neutralizatonin | Cowa
shape space[1] B deal

» Search for analytic solution db=PTdx

» search for closest amendment leading to target

» assumes previous hypothesis is already good

J Proposed solution:  find any close solution in Euclidean space

» at each iteration, search for a close enough shape instance

» use Allowable Shape Domain properties

> multi-scale search: close solution found within 100 iterations =t

54 po.04 46 Hd
o Y 45 47 1760 1085
59 50 5{;5 51 s 155y 559;5-318 :.?7 al
54 -
7 7
X=X +PDb e s
| m | 17 2 L(’% Fo1
: o : 28 5 2f0
! 2922 al

21

target

Procrustes distance O(n)

[1] Mike Rogers and Jim Graham: «Robust Active Shape Model Search» , ECCV 2002.



Active Shape Model Improving mesh resolution and degree of
freedom

O Landmarked mesh improved by resolution
Increase

» Very fast implementation: Qslim [1]

» Mesh can now be deformed in any direction
» « QOrganic-shaped » thanks to smoothing
>

Improved mesh can be considered as dual to “v
Var
landmark mesh VA

d Influence on shape estimation procedure 258 landmarks

720 vertices

» No more correspondence on vertices
— Hausdorff distance O(2n,n,) replaces Procrustes O(n)
» Very efficient implementations (very relevant problem in CG): Mesh [2] is >5x faster

» Significant accuracy increase for reasonable computational cost

[1] Kircher, Garland: « Progressive Multiresolution Meshes for Deforming S urfaces », ACM/Eurographics Symposium on Computer Animation, 191—200, 2005

[2] Aspert, Santa Cruz, Ebrahimi: « MESH: Measuring Error between Surfaces using Hausdorff distance », Proceedings. of IEEE ICME, |:705—708, 2002



Active Shape Model Overview of improved ASM

O Breakthrough: shape estimation now works
for any mesh (representing a shape instance)

» we can estimate the initial shape prototype from
atlas registration

» mean shape is actually arbitrarily far from this
; 4000 vertices
SOIUUOn 258 Iavne(;marks

 One lteration of the ASM from this prototype

Shape estimation

Intensity model
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Active Shape Model Results

O Active Shape Models revisited in 3D:

» New method is relevant due to recent advances in Computer Graphics (1995-
2007) and CPU/Memory improvements

O Time & accuracy benchmark for the improved shape estimatio n:
Test shapes 1 2 3 4 5 6 7
Std. method 5.3 8.0 48  3.55 6.5 1.2 5.9
CITor

Time (s) 1 1 1 1 1 1
Proposed 2.5 1.5 2.1 1.2 0.8 1.3 2.2
method error

Time (s) 512 603 540 523 607 561 333

Unit: % of the shape instance bounding box. Shape instances selected randomly

1 Possible Improvements:
» standard I/O optimization (program prototype is script-based)

» low-level optimization using specialized GPUs (CUDA)
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