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Goal: | Estimate organposition andsizein one shot I

Challenge: | Learn asinglemodel forall organs I
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Potential application...
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Semantic navigation: Directnavigation toorgans
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Potential application...
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Database retrieval: Retrieveorgans of interest




Atlas registration
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Atlas registration
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Very difficult for large FOV scans

High interpatient variability
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Detection approach...
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T - Exhaustive searchn positionsize parameters
S“dmg Window A classifierevaluates each positiesize candidate
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P. Violaand M.JonesRapid object detection using lboosted cascadef simplefeatures, CVPR0O01.



Detection approach...
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T - Exhaustive searchn positionsize parameters
S“dmg Window A classifierevaluates each positiesize candidate
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P. Violaand M.JonesRapid object detection using lboosted cascadef simplefeatures, CVPR0O01.



Marginal Space Learning
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Learn seq uentially Exhaustive searcin position parametersonly
N marginal spaces Refinementsearch irposition-sizeparameters
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ZhengBarby Georgescuet al.: FourChamber Heart Modeling and Automatic Segmentation for 3D Cardiac CT Volurn
using Marginal Space Learning and Steerable Featuteg&E TMI (2008)



Marginal Space Learning
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Learn seq uentially Exhaustive searcin position parametersonly
N marginal spaces Refinementsearch irposition-sizeparameters
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Need to train a cascade of classifiers: [

* x_ one classifier f9r_ each marginal 1l step ]
' awS | f éorgandaBlil iktractable: j
x - Search space too higtiimensional |

| - Increasing complexity of the cascade }' |

Y.Zheng B.GeorgescuD.ComaniciuMarginal Space Learning for Efficient Detection of 2D/3D Anatomical Structures
Medical Images IPMI 2009



Towards multiple organ detection?
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Detection Organ of interest?  YE9 NO

l:::::l Medical Imaging = standard procedure

Prior knowledge on the relative
positions of all organs!




Ourregressionapproach
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| Learn gorobabilisticmappingfrom voxelsto all organ bounding boxes I

Ex: Kidneys

M Left Kidney
Right Kidney

$2 High confidence

8 Low confidence




Ourregressionapproach
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Learn gorobabilisticmappingfrom voxelsto all organ bounding boxes

Discovenmplicitly anatomicakey landmarks
which best predict organ positions




Our contributions In this paper
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Our previous work: Organ localization in CT studies

| Regression forests ‘
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Features based
on Hounsfield units
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A. Criminisi, Bhotton D.Robertsorand E KonukogluRegression Forests for Efficient Anatomy Detection and
Localization in CT StudigglCV workshop, MICC2010



Our contributions In this paper
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Our current work: Multi-channel wholebody MR
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‘ Regression ferns |

3D LBHike features |

| Comparison with forests|




Organ localization as a
regression task
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Input feature space xR A

Output prediction space

Regression Ferns




Input feature space | ) e
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3D multiscale LBHke features
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Voxel channels features
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‘ Relative displacemenbetweenvoxelandorgan bounding boxl
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For alllL organs: Vv




OUTPUT

. Regression Ferns  a) oo
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Goal: | Given fj , we want to predict

\
Features Displacements
Learnt) 1] SN over the full feature sgace
Difficult task

Use regression ferns wvide andconquer.

1.Subdivideli K S A y LIz FSI G{deyB &l

2. Learm) fj s  eiach cellusing a simple model
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| Random fern = constrained random tree |
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E[::I Faster training E::::' More compact
No explicit data splitting structure
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Input feature space Output values
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