
SCIENCE &

ENGINEERINGOGI SCHOOL OF

FREE-F ORM NON-RIGID IMA GE REGISTRA TION:
USING GENERALIZED ELASTIC NETS

Andriy Myronenko, Xubo SongandMiguel �A. Carreira-Perpi~n�an
Department of Computer Science & Electrical Engineering, OGI, OHSU

Portland, OR, USA

1 ABSTRA CT

We introducea novel probabilisticapproach for nonrigidimagereg-

istration usinggeneralizedelasticnets,a model previouslyusedfor

topographicmaps.The ideaof the algorithmis to adaptan elastic

net (a constrainedGaussianmixture) in the spatial-intensity space

of oneimageto �t the secondimage.The resultingnet directly rep-

resents the correspondencebetweenimagepixelsin a probabilistic

way and recoversthe underlyingimagedeformation.We regularize

the net with a di�erential prior and developan e�cient optimiza-

tion algorithmusinglinearconjugategradients. The nonparametric

formulation allows for complextransformationshaving local defor-

mation.

2 METHOD

The elastic net is a Gaussianmixture model (GMM) with a qua-
dratic prior on its centroids. The centroids implicitly represent a
nonlinearmanifoldthat probabilisticallymodelsanimagein spatial-
intensity space.

� We represent two imagesI1 andI2 in the spatial-intensity space.

� Theelasticnet Y is initializedwith each centroid representing the
spatial-intensity valueof onepixel in I1.

� Thenet is adaptedby adjustingthe centroidsto �t dataX (image
I2 in spatial-intensity space)by MAP estimation.

� the �nal centroid locations(Y ), whenE is minimized,directly
show the displacement of each pixel in I1 deformedinto I2.

Illustration of the alignmen t metho d (for 1D im-
ages, for simplicit y).
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Taking the derivative of E(Y ) and equatingit to zero,we obtain
non-linearsystemof equations:

Solve: (diag(P1) + � 2S)Y = PX

whereP matrix haselements pmn = e� 1
2kxn� ym

� k2

=
P M

k=1 e� 1
2k

xn� yk
� k2

.

We use�xed-point iteration to solve the system.On each iteration

we uselinearconjugategradient (CG) method, which hasfollowing

advantages:(1) wecaninitializethe linearCG fromthe previousY

value;(2) we canrun only a fewlinearCG steps.

3 EXPERIMENT AL RESUL TS

GEN registration with known deformation.

(template) (deformed) (true transform) (di�. before)

(result) (foundtransform) (di�. after)

Deform.
STD

GEN: Transform
RMSE(pixels)

GEN: Intensity
RMSE

ITK: Intensity
RMSE

1.0 0.3135 0.0044 0.0094
2.0 0.9753 0.0053 0.0117
3.0 1.0962 0.0059 0.0143

In tersub ject brain registration.

Person1 Person2 before after GEN reg.

Stabilization of microscopic iris videos.

(frame1) (frame37) (intensity di�. before)

(registrationresult) (intensity di�. after)

4 CONCLUSION

We have developed a probabilistic nonrigid image registration

method basedon the generalizedelasticnet. The resultingformu-

lation is a penalizedmaximum likelihood problem. The nonpara-

metric transformationallowsto modelcomplexandlocalizeddefor-

mations
exibly without prior knowledgeabout the type of trans-

formationrequired,and to usesophisticatedregularizers(e.g.high-

orderderivativesandlinearcombinationsof them). The structured,

sparsenatureof the regularizermatrix allowsan e�cient optimiza-

tion with linearconjugategradients, fasterthan thin-plate splines.

The method accuratelyregistersimageswith nonlinearlocal de-

formations,and hasrobustnessto imageintensity distortion. The

method accommodatesarbitrary features(e.g.gradient information

andcolorcomponents), spatialdimensions(e.g.3D,4D),andimages

of di�erent spatialresolutions.
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