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ABSTRACT

In this paper, we propose a new and accurate 3D reconstnuctio
technique for the scoliotic spine from a pair planar and eomo-
nal radiographic images (postero-anterior and laterdig propo-
sed model usess priori hierarchical global knowledge, both on the
geometric structure of the whole spine and of each vertdbose
precisely, it relies on the specification of two 3D templafBise
first, a rough geometric template on which rigid admissil#éod
mations are defined, is used to ensure a crude registratitmeof
whole spine. 3D reconstruction is then refined for each beate
by a template on which non-linear admissible global defdiona
are modeled, with statistical modal analysis of the pathiockl de-
formations observed on a representative scoliotic vestg@mpu-
lation. This unsupervised coarse-to-fine 3D reconstragtimce-
dure is stated as a double energy function minimizationlprob
efficiently solved with a stochastic optimization algonthThe
proposed method, tested on several pairs of biplanar reajibéc
images with scoliotic deformities, is comparable in terrhaacu-
racy with the classical CT-scan technique while being uastip
sed and requiring a lower amount of radiation for the patient

1. INTRODUCTION

Scoliosis is a 3D deformation of the natural curve of the abin
column, including rotations and vertebral deformations.aha-
lyze the 3D characteristics of these deformations, whiah loa
useful for the design, evaluation and improvement of oréatpor
surgical operations, several 3D reconstruction methode baen
developed.

wer amount of radiation) for patients in a standing positiaver-
theless, the above-mentioned technique remains widebreised
and requires knowledge of the six anatomical points (nantle¢y
center of the superior and inferior end-plates, the uppdriauer
extremities of both pedicles) to initialize 3D reconstiantpro-
cess of each vertebra of the spine.

To overcome this problem of supervision, we propose in this
paper a 3D statistical reconstruction method based on kbé-li
hood introduced in [1] but using hierarchical glolagbriori know-
ledge on the geometric structure of both the whole spine aot e
vertebra. More precisely, the hierarchical model we prepeties
on the specification of two 3D templates. The first, a roughgeo
tric template on which rigid admissible deformations arérosl,
is used to fit its (postero-anterior and lateral) projeddigvith the
preliminary segmented contours of each cubic approximabb
each vertebra body of the spine on the two calibrated radjigc
views. It ensures crude registration of the whole spine anesca
rough position and orientation of each vertebra. 3D recantbn
is then refined by a second template which takes into accaunt
priori global knowledge on the geometric structure of each verte-
bra. This geometric knowledge is efficiently captured byadist
tical deformable template integrating a set of admissikef®a-
tions, expressed by the first modes of variation in Karhubeeve
(KL) expansion, of the pathological deformations obseroada
representative scoliotic vertebra population.

This paper is organized as follows. Section 2 presents #te hi
rarchical prior model used in our coarse-to-fine reconsimname-
thod. Section 3 briefly recalls the likelihood model and tB¢2D
registration strategy introduced in [1]. Section 4 presestiergy
function minimization related to coarse-to-fine registas and

Among these methods, computerized tomography 3D recons-the stochastic optimization procedure used to estimaienapte-

truction methods (e.g., X-rays or magnetic resonance)igeozc-
curate 3D information of the human anatomy. However, thé hig
level of radiation received by patients, the large quartitylata

to be acquired and processed, and the cost of these meth&ds ma

them less functional. Also, these medical imaging techesgue-
quire that the patient be in a lying position, which is incatiple
with many diagnostic protocols evaluating scoliosis.

To circumvent this difficulty, an original 3D biplanar sttt
cal reconstruction method was proposed in [1] which useg anl
pair of planar and conventional (postero-ante(ibs 4) and late-

ral (I.ar)) radiographic images (and consequently ensures a lo-

construction. In Section 5, we show some 3D reconstructsn r
sults. Finally, the conclusion is given in Section 6.

2. HIERARCHICAL PRIOR MODEL

2.1. Crudeprior model of the spine

To ensure crude registration of the whole spine and to estima
a rough positiort = (t., ¢y, t.), scalek and orientatiorx of each
vertebra, we first consider a cruderiori geometric model for the
whole spine.



This model relies on a set of cubic templates, roughly repre-

senting each vertebral body and stacked on top of one antather
form the spinal column (cf. Fig. 4). Each cubic template (ukdi
by a set of control point vectors of the cubic representatas:
sociated with each vertebral level has its scale, oriesriagind
position constrained within a restricted domain whose eeig
given by knowledge of the (previously) estimated paransetér
the cubic template which is located below. For example,éf e
gistration of the whole crude spine is made from bottom tq top
then the position! = (t;,t;,tk) scale vectok' = (k. k., kL)
and orientatior! (az,ag, . ) at (vertebral) level, given the
rough parameter estimation of vertebra below the légiet.,l—1),
are restrained within the domain defined by,
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whereq is the rotation vector (ensuring the rotationainy or z
axes).At,, Aty, At., Ak andA« are given by statistical know-
ledge on the scoliotic deformation of the spine [7][8]. A logb
configuration of the deformable spine model is thus desdrtie
9 rigid transformation parameters for each cubic templasecsa-
ted with each vertebral level.
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FIG. 1 —Crude prior model of the spinéa) Deformable model of
the whole spingb) cubic template representation associated with
each vertebra.

2.2. Fineprior model of each vertebra

Our a priori knowledge model relies also on the description
of each vertebra by a 3D deformable template (i.e., a vector
R3" of n control points) which incorporates statistical knowledge
about its geometrical structure and its pathological \mlits. The
deformations of this template are expressed by the first siofle
variation in KL expansion of pathological deformations eted
on a representative training scoliotic vertebra popufafij. This
can be done by using principal component analysis (PCA), i.e
by computing the covariance matnX of shape{s;}. The main
deformation modes of the template modedre then described by
the eigenvectors of C, with the largest eigenvalues(cf. Fig. 2).
The globally deformed template is defined by,

s = M(k,a)[s+ ®b]+T,

@

where,

e T and M (k, «) account for rigid deformations of the tem-
plate, T is a global translation vector, antf (k, o) per-
forms a rotation (in the, y or z axes) and a scaling by).

e & = (p1,...,¢n)Iis the matrix of the firsin eigenvectors
associated with then largest eigenvalues arsl= (b1, . ..
,bm) T is a vector containing the weights for thesedefor-
mation modes.

A global configuration of the deformable vertebra template i
thus described by + m parameters corresponding to rigid trans-
formations andn modal weights;. To penalize the deviation of
the deformed template from the mean shape (and not the affine
transformations), we define the energy term of this prior eidy,

s

which is close to the Mahalanobis distance [1].
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FIG. 2 —Fine prior model of each vertebra. Two deformed shapes
obtained by applyingt3 standard deviations of the first deforma-
tion mode to the mean shapeldf vertebra (middle row) and from
the sagital (top row) and coronal views (bottom row).
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This low parametric representation for each vertebra |alehg
with the crude parametric representation of the whole $pina
lumn constitutes our global hierarchicalpriori model that will
be used to rightly constrain the ill-posed nature of our psxu
coarse-to-fine 3D reconstruction method.

3. LIKELIHOOD MODEL

As proposed in [1], the likelihood model is expressed by a
measure of similarity between the external contour of tlesigro-
anterior and the lateral) projections of the 3D deformedptiae
and a directional edge potential field estimated on the twimfa
graphic views. This likelihood energy term is defined by,

El(S,IPA,ILAT = ——Z\I’PA x y) - —Z‘I’LAT($ y (3)
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where the summation of the first and second ternpfs overall
thenpa andn s points of the external contour of the respectively
lateral and postero-anterior perspective projectionshefdefor-
med template on the two pre-computed edge potential fields of
each radiographic image.

To compute the edge potential fielel associated with each
radiographic view, we first use a Canny edge detector witluthe
supervised technique proposed in [2]. Thénis defined as in [4]



by,

U(z,y) = exp(fi\w> ‘COS(’Y(mvy))

3
T

where¢ = (&, &,) is the displacement to the nearest edge point in
the image, and is a smoothing factor which controls the degree of
smoothness of this potential fiell(z, y) is the angle between the
tangent of the nearest edge and the tangent direction obtitewr
at(z,y) (cf. Fig. 3).
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FiG. 3 —Directional component used in the directional edge po-
tential field¥ (x, y).

4. COARSE-TO-FINE OPTIMIZATION STRATEGY

This unsupervised coarse-to-fine 3D reconstruction praeed
is stated as a double energy function minimization problemas
mely,

E(s,0) = Ei(s,Ie, Iuar) + BEp(s), 4)
whereE is the likelihood energy term an#, is the prior energy
term (or the regularization termj is a factor to control the ba-

lance between the two energy components.

e This optimization problem is first used with the template
presented in Subsection 2.1 for the registration of the ekpine.

In this crude reconstruction step, there is no prior energynt
E, = 0 since we do not use non-linear deformations. The ill-posed
reconstruction problem is nevertheless constrained bjothea-
rametric representation of the whole spine. This step requden-
tification the center of the inferior end-plate of the lowesitebra
on the two radiographic views of the spine with a simple graph
interface. User interaction is limited to simply placingstipoint
on the two radiographic images. The 3D coordinates of thid-a
mark were obtained by direct linear transformation (DLT]) [Bhis
crude registration estimates the rough positior= (t.,ty,t-),
scalek and orientatiorn of each vertebra.

e This optimization problem is then used with the template
presented in Subsection 2.2 and the prior energy term giyétgb
(2). Optimization is made within a range of values aroundrthe
gid parameters roughly estimated by this first crude recooson
step.

In our application, due to the complexity and number of va-
riables involved in the energy function expressed by Eq. {#®
use the stochastic optimization algorithm recently pregos [6]
(see Algo. 1.). We use this algorithm because the adjustofexilt
internal parameters does not depend on the function to nEaim
and convergence is asymptotically ensured [6]. Let us aalttitis
optimization algorithm is also especially well suited toniniize
complex energy function [3].

E/SAlgorithm

E() A real-valuedi-variable function, defi-
ned onF’, to be minimized
F A finite discrete subset of the Cartesian

productIl;_, [m;, M;]
The size of the population

r A real numbere [0, 1] called the radius
of exploration

N(a) The neighborhoodb € F' : for somej,
bj —a;| < r(Mj—m;),bi=ai, i#j}

D=I/r The diameter of the exploration graph

0 0=(61,...,6,), an element o™

beF 6 = arg ming, ¢ (g,,...0.,) £(6:), i.e.,
the minimal point inf with the lowest
label

p The probability of exploration

k The iteration step

1. Initialization

Random initialization of = (61, ...,6,,) € F"
k<2
2. Exploration/Selection
repeat
1. Computdd; #=argming,cq E(6;)

2. Drawm according to the binomial lad(n, p)
— Fori < m, replacet; by 9; e N'(6;)\ 6 ac-
cording to the uniform distribution
— Fori>m, replaced; by 4

3. k«k+1landp=k~'/P

until a stopping criterion is met

Algorithm 1: E/S optimization algorithm

5. EXPERIMENTAL RESULTS

In our application, we use the training base described in [9]
The firstm eigenmodeq (A1, ¢1), ..., (Am, ¢m)} are chosen to
cover at least 90% of the population’s variability. For thegeri-
ments, we have choseh= 0.02 for the weighting factor penali-
zing the prior energy term with respect to external energy.used
the Canny edge detector to estimate the edge maps whicheare th
used for estimation of the edgmtential fieldson the two radio-
graphic views that will be applied in the likelihood energyrh.

In our application, sigma=1, mask size is 5x5, and the lower a



upper thresholds are given by the unsupervised estimagicim- t
nigue proposed in [2]. We fix the size of population to 100 drel t
number of iterations to 50. The E/S algorithm takes abou#@0-
generations to converge to the true solution for each veatéé-
vel. In fact, the convergence rate can vary significantlyeseiing
on the complexity of the energy functidti(s, #) to the minimized
(or the quality of the input images). Our 3D reconstructicethod

the scoliotic deformations) and the measures of morphdcnedr
rameters can then be used to quantify the scoliosis, its@atu

to analyze the improvement of orthopedic or surgical cdioes.
This method has been tested on a number of pairs of radiograph
images demonstrating its efficiency and robustness. Theopeul
scheme thus constitutes an alternative to CT-scan 3D rioons
tion with the advantage of low irradiation and will be of gréa

takes between 200 seconds and 260 seconds on a PC workstatiorerest for 3D clinical applications and for reliable georitetmo-
650MHz for the images presented here. Fig. 4 shows an exampledels for finite element studies. The proposed method rensaifis

of 3D reconstruction of vertebra segment (L1/L2/L3/L4/lf&m
two radiographic images (postero-anterior and laterafoofiotic
spine.

(©

(d)

Fic. 4 — 3D reconstruction of vertebra segment of scoliotic
spine. (a) Postero-anterior,(b) Lateral image (512x256 pixels),
(c) and (d) Visualization of reconstruction vertebra segment
(L2/L2/L3/L4/L5) from the sagittal and coronal views.

6. CONCLUSION

We have presented an original coarse-to-fine approach dor th
3D reconstruction of the scoliotic spine using contoursaoted
from biplanar radiographic images aagbriori hierarchical global
knowledge both on the geometrical structure of the wholaespi
and on the statistical structure of each vertebra. From gorigh-
mic point of view, the reconstruction problem is decomposed
two optimization problems of reduced complexity allowing to
drastically save computational effort and/or to provideedera-
ted convergence toward an improved estimate. In our agita
these two optimization problems are efficiently solved veitsto-
chastic optimization procedure. Let us note that the eséichglo-
bal deformation parameters after reconstruction (i.e phrame-
ter vectorb, setting the amplitude of each deformation mode of

ficiently general to be applied to other medical reconstoncpro-
blems (i.e., rib cage, pelvis, knee, etc.) for which the dase of
this anatomical structure is available (with two or moreiogda-
phic views). We now intent to improve the proposed method by
refining the statistical model by local deformations.
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