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C t id d di i (CAD) i th di l i d i i Th f ti l f th l lComputer aided diagnosis (CAD) in the medical image domain requires When observing the Az value the performance of the coarse and the fineThe energy functional for the coarse level:p g ( ) g q
adaptive knowledge-based models to handle uncertainty ambiguity and

When observing the Az value the performance of the coarse and the finegy
adaptive knowledge-based models to handle uncertainty, ambiguity, and segmentation results are comparable with a slightly better performance of
noise.

segmentation results are comparable with a slightly better performance of
the fine segmentation of 2 7% We observer similar performance on thenoise. the fine segmentation of 2.7%. We observer similar performance on the
synthetic noise dataset For the real data experiment the coarse results

We propose an expert guided coupled dual ellipse model in a coarse to
synthetic noise dataset. For the real data experiment the coarse results

f fWe drop an explicit smoothness constraint due to the implicitWe propose an expert guided coupled dual ellipse model in a coarse to
fi i i i ti f k

show slightly higher variations of the mean sensitivity and specificity.We drop an explicit smoothness constraint due to the implicit
fine energy minimization framework.

s o s g y g e a a o s o e ea se s y a d spec c y
representation of the coupled dual ellipse model The data term is agy representation of the coupled dual ellipse model. The data term is a

i t f th M f d Sh h f ti l i i i i th ithi lvariant of the Mumford –Shah functional minimizing the within class
Quantitative evaluations on synthetic and real data sets show the

g
variance of the intensity distribution The shape term acts as a deflatingQuantitative evaluations on synthetic and real data sets show the

f f f k E i t l lt d t t th t
variance of the intensity distribution. The shape term acts as a deflating

performance of our framework. Experimental results demonstrate that our forcep p
framework performs well with an area under the ROC curve of 0 93

force.
framework performs well with an area under the ROC curve of 0.93.
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2 1 Input Data2.1 Input Data

Retinal fundus images showing bright Stargardt ring structures. TheRetinal fundus images showing bright Stargardt ring structures. The
bright ring is an abnormal accumulation of lipofuscin surrounding the darkbright ring is an abnormal accumulation of lipofuscin surrounding the dark
macular center region and can manifest itself in a variety of diseasemacular center region and can manifest itself in a variety of disease

hphenotypes.p yp
2 4 Fine Level Model Minimization2.4 Fine Level Model Minimization

T d l th fi d t il l l t f th l l bTo model the fine detail level we transform the coarse level subspacep
constraint into an implicit representation suitable for shape matching toconstraint into an implicit representation suitable for shape matching to
constrain the fine detail model. Optimization happens in the level setconstrain the fine detail model. Optimization happens in the level set
f k d b O h d S thi [1]framework proposed by Osher and Sethian [1].p p y [ ]

In the context of the joint minimization problem the prior term is borrowedIn the context of the joint minimization problem the prior term is borrowed
i i ibl f th l l d l th h t f ti t hi hinvisibly from the coarse level model through transformation to a higher
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dimensional embedding function Ground Truth Labelings from Expertdimensional embedding function. g

(T L ft) S t ti lt 4 th ti i i G iFor the fine le el model e minimi e an energ f nctional composed of a (Top Left) Segmentation results on 4 synthetic images using GaussianFor the fine level model we minimize an energy functional composed of a ( p ) g y g g
noise of 25% 50% and 100% The middle row shows fitted coupled dualOur approach follows the spirit of multi stage decomposition when

gy
data term and expert guided shape constraint noise of 25%, 50%, and 100%. The middle row shows fitted coupled dualOur approach follows the spirit of multi-stage decomposition when data term and expert guided shape constraint. ellipse model in red/green Bottom row shows the final segmentation resultanalyzing a signal. Prior information from the coarse level guides as a ellipse model in red/green. Bottom row shows the final segmentation result.analyzing a signal. Prior information from the coarse level guides as a

d li t i t th fi i d t il l l h f i d tmodeling constraint the finer successive detail level when facing data (Top Right Bottom Left/Right) Qualitative segmentation results on 12 retinalg g
ambiguities (Top Right, Bottom Left/Right) Qualitative segmentation results on 12 retinalambiguities. Stargardt images comprised of different levels of segmentation complexity.Stargardt images comprised of different levels of segmentation complexity.

Th d/ t d t th h i t d i S ti 2 3The red/green contours denote the shape prior computed in Section 2.3.g p p p
The yellow/green contours show the final segmentation resultThe yellow/green contours show the final segmentation result.
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2.2 The Coupled Dual Ellipse Model2.2 The Coupled Dual Ellipse Model

We keep the intensity mean values within the intensity mean of the This work was supported by the Imaging and Visualization Department at SiemensWe keep the intensity mean values within the intensity mean of the pp y g g p
Corporate Research DDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDWe use Euclidean parametric ellipse models to model a closed ring subspace constraint and its background mean The shape terms is Corporate Research.DDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDWe use Euclidean parametric ellipse models to model a closed ring

topology representing the Stargardt ring structure yet constraint in the
subspace constraint and its background mean. The shape terms is

d l d th h h di t i L ith li ti f ttopology representing the Stargardt ring structure yet constraint in the modeled through a shape distance in L2 with a normalization factor as
space of elliptical shapes

g p 2
proposed in Cremers et al [2]space of elliptical shapes. proposed in Cremers et al [2].

55 SUMMARY &SUMMARY & CONCLUSIONSCONCLUSIONS3 RESU TS AND DISCUSSION3 RESU TS AND DISCUSSIONThe model is flexible in a sense that the expert is able to partially provide 55 SUMMARY &SUMMARY & CONCLUSIONSCONCLUSIONS3 RESULTS AND DISCUSSION3 RESULTS AND DISCUSSIONThe model is flexible in a sense that the expert is able to partially provide 5. 5. SUMMARY & SUMMARY & CONCLUSIONSCONCLUSIONS3. RESULTS AND DISCUSSION3. RESULTS AND DISCUSSIONmodel information within the parameter space for minimal expertmodel information within the parameter space for minimal expert
i t ti We evaluate our method on synthetic and 10 real datasets to measureintervention .

We have presented a coarse to fine minimization framework using a coupled
We evaluate our method on synthetic and 10 real datasets to measure

We have presented a coarse to fine minimization framework using a couplednoise sensitivity and the ROC performance.
dual ellipse model to form a subspace constraint that is used as a shape2 3 Coarse Level Model Minimization

noise sensitivity and the ROC performance.
dual ellipse model to form a subspace constraint that is used as a shape
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2.3 Coarse Level Model Minimization

prior for fine model refinement.We measure the performance of the coarse and fine segmentation step p
The expert provides two seed locations placing a prior constraint on the

We measure the performance of the coarse and fine segmentation step
The expert provides two seed locations placing a prior constraint on the and obtain the following ROC statistics for the synthetic and the retinal

Our experiments show promising results. Future work is devoted towardsapproximate location of the inner and outer ellipse model. We evolve the
and obtain the following ROC statistics for the synthetic and the retinal
Stargardt test cases Our experiments show promising results. Future work is devoted towards

extension of our framework to deal with other ring like disease phenotypes
approximate location of the inner and outer ellipse model. We evolve the
coupled parametric model towards each other by minimizing for the ring

Stargardt test cases.
extension of our framework to deal with other ring like disease phenotypes.coupled parametric model towards each other by minimizing for the ring

areaarea.
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