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Highlight
Registration and analysis of multi-fascicle models improves our understanding of white matter abnormalities.

Want more?

Motivation

Scalar Images

•" Morphometry

Diffusion Tensor Images

•" Morphometry

•" Fiber Integrity Analysis

improves
Multi-Fascicle Images

•" Morphometry

•" Fiber Integrity Analysis

•" Volume Fraction Analysis

improves

We need to define a way to register and analyze multi-tensor images.

Results 
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Latent	  variables	  of	  clustering

Cumula4ve	  Differen4al	  Rela4ve	  Entropy Clustering	  is	  known
Rj	  op4mized Rj	  	  are	  known

Clustering	  op4mized
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Computa4on:	  100	  μs/voxel	  (<10	  itera4ons)
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Similarity should be invariant  to inter-subject variability

λ1 for a landmark 
in two subjects
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Replace the scalar product by a general scalar mapping
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For multi-tensor images, a valid scalar mapping is:

Pairing	  func4on	  of	  the	  tensors

The generalized correlation coefficient is invariant  under 
linear transformations of the eigenvalues in the log-domain

log λi → a log λi + b

Multi-fascicle registration is 
more accurate than single-tensor registration.

‣ 13 controls
‣ 32 patients with tuberous sclerosis complex (TSC) 
‣ CUSP-45 sequence (Scherrer et al, ISBI 2011)
‣ Atlas construction (Guimond et al. CVIU, 2000)

Multi-fascicle atlas reveals crossing 
pathways present in most anatomies.
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Multi-Fascicle

DTI

Multi-fascicle models reveal more 
volume differences than DTI.
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Multi-Fascicle DTI

based on 100 inter-subject registrations of healthy controls

Multi-fascicle models reveal more 
microstructural differences than DTI.

Multi-Fascicle: two significant clusters of size 18 and 7

DTI: one significant cluster of size 10

Tract-based statistics in the arcuate fasciculus
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