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Introduction Segmentation of parotid glands in CT images Merging several structures

* Atlas-based segmentation is commonly used in medical image analysis
 Tendency of atlas-based segmentation to under-segment structures
* Dice overlap and Hausdorff distance do not measure under-segmentation
 Wang, Yushkevich (2012) proposed deconvolution of label maps
e Contributions:
 Volume overlap measures to quantify under-segmentation
 Hypothesis: asymmetry in single organ segmentation as cause
* Generative model of background to correct under-segmentation

to one background label
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Under-Segmentation Nine brain structures in MRI
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Measures to quantify over- and under-segmentation: : Left atrium in heart MRA  Parotid glands in head & neck CT Foreground-background segmentation
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° Under‘segmentahon arrors Slgnlﬁcantly hIgher than E Left Atrium Left Parotid Right Parotid WM GM HC CA PU PA AM AC VE
. First column: over-segmentation White matter (WM), Gray matter (GM), Hippocampus (HC), Caudate (CA),
Over'SegmentatIOn errors E Second column' undegr-se mentation Putamen (PU), Pallidum (PA), Amygdala (AM), Accumbens (AC), Ventricles (VE)
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Hypothesis for under-segmentation lllustration of multi-organ and foreground-background segmentation Multi-organ brain segmentation
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* Under-segmentation is caused by asymmetry oGy PP Vo Segmentaionof Al — —

in foreground-background segmentation
 Merging all surrounding labels into background creates
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a new meta-label that dominates the voting process RN T I
 Multi-organ segmentation of brain supports hypothesis i o 1 lé gé H — Q gg H D
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Red: manual, . White: voxel of interest WM @M  HC CA PU PA AM AC VE
Latent multi-label model of the background
* Generative model for the unsupervised separation of the P,. Izm ~ N(ﬂzix Eziw)
background in K components and simultaneous estimation of K )\ C
e Dirichlet process Gaussian mixture model (DP-GMM) on patches: S < iz ™ at(w)
P={Py:xeT,S(x)=>b} ™~ GEM({a) APy
* Replace background label with mixture component: m G @ N (g, X)) ~ NW(A) \!‘.+_0;
Multi-atlas segmentation Label maps specify likelihood of each label: Most likely label yields segmentation:
n
Training Data L'z) =) p(S(x) =1|9) -p(I(@)|L;) 1e{1,...,n} S(x) = arg max L' (x)

Test Image [
: Foreground-Background segmentation:

L (z) > L°(z)
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Registration

Label likelihood term:

p(S(w)zzISi):{ L if Sy(¢i(x)) =1,

Test Segmentation S 0 otherwise.

Segmentations Intensity likelihood term:
S={S,...,S,} — ? 5 s
o Propagation [ p(I(z)|L;) o< exp (—(I(x) — Li(¢i(x)))"/207)
Results . .
Left Atrium Brain
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° Global and Iocal approach Left Atrium IW Deconv  g-kmeans g-DPmeans g-GMM g-DPGMM I-kmeans |-DPmeans g : : Ii : Il : I% : I : 1 I : | . : I
e Patchsize:3x3x3 O WM M HC oA PU PA AWM AC  VE
Parotid Glands
Improvement over foregr-backgr for multi-organ and latent label
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Conclusions
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 Generative model to partition background reduces under-segmentation




