
Fig. 3. Fractional anisotropy variance for each registration method.

Fig. 2. Average FA maps after registration.Fig. 1. Averaged tissue maps for each registration method.
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I. INTRODUCTION
• Much of the work on brain image registration has focused 

on inter-subject registration of structural T1-weighted 
(T1w) MRI.

• While T1w MRI provides great detail about the 
boundaries between white and grey matter, it does not 
provide substantial contrast within white matter.

• We describe new developments that build upon our prior 
surface-constrained volumetric registration method for 
T1-weighted MRI (Joshi et al., 2007, 2012) by adding an 
additional registration component.

• This component can be driven by T1-weighted images 
alone and can also incorporate diffusion-weighted MRI.

• We demonstrate the improvements provided by this 
addition using data from the Human Connectome Project 
(Van Essen et al., 2013).

II. Methods
A. Initial SVReg Registration
• Our method is designed to work with datasets including 

T1-weighted and diffusion MRI data.
• We first apply BrainSuite’s cortical extraction sequence 

to the T1w MRI to generate to extract cortical surface 
models (Shattuck et al., 2001).

• We also apply the BrainSuite Diffusion Pipeline (BDP) to 
perform intrasubject registration of T1 and diffusion-
weighted images using a rigid-body method (Bhushan et 
al., 2015).
• BDP computes diffusion tensors, fractional anisotropy 

(FA), and color FA in the T1w space of the subject.
• This step can also perform EPI-distortion correction if 

necessary.
• We then apply BrainSuite’s Surface-constrained 

Volumetric Registration (SVReg; Joshi et al., 2012) using 
the outputs of the cortical surface extraction to perform 
an initial inter-subject alignment of the T1w data to a 
brain atlas.

• This produces an initial deformation field, T0,, that maps 
the subject brain to a reference atlas brain.

B. Diffeomorphic Demons-based Refinement
• We refine the initial SVReg alignment using an elastic-

constrained diffeomorphic registration framework, an 
adaptation of the Demons algorithm (Thirion 1998) that 
can incorporate multimodality data.

• Given a pair of multimodal images, M (moving) and S
(static) comprising n modalities,  we use a multi-modal 
formulation that employs a bidirectional registration 
force fi defined as

where mi,j and si,j are the i-th pixels of the j-th modality 
of M and S, a is a normalization factor, and wj a 
weighting term for each modality.

• We use this force to drive an error minimization process 
defined by

where T is the deformation field, initialized using the 
initial SVReg deformation field T0, b is an elastic 
regularization term, and ET1 is the mean squared error 
between the moving and static image

• We applied  three diffusion error terms to assess 
different types of refinement:

• During the registration process, color FA is computed 
after reorienting the tensors based on preservation of 
principal direction (PPD).

IV. Discussion
• We implemented a framework to extend our existing 

SVReg registration through volumetric refinement using 
multichannel diffeomorphic Demons. 

• All three refinement methods evaluated showed 
improvements in tissue label and FA map alignment.

• Unsurprisingly, the T1w-only method showed the best 
alignment of the T1w tissue maps, while the T1w-FA 
method showed the lowest mean squared error in FA and 
lowest variation in FA values after alignment.

• We are currently planning additional evaluation to better 
characterize the effects of these registration steps on such 
features as tractography alignment.

• We are also exploring ways to improve the computational 
performance of the registration refinement methods.
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IV. Results
T1w Alignment
• Figure 1 shows slices of the averaged tissue maps for each 

registration method, as well as the initial rigid-body AC-PC 
alignment.

• The refined registration results exhibit crisper averages 
than the initial SVReg registration.

• Table 1 shows the Dice indices after registration. All three 
methods demonstrated improvement compared to the 
initial SVReg result.

FA Alignment
• Figure 2 shows slices of the averaged FA maps for each 

registration method. The average refined FA maps are 
again crisper than the original SVReg registration result.

• Figure 3 shows slices of the fractional anisotropy variance 
for each registration method.

• Table 2 shows mean squared error between the subject FA 
maps and the template and mean standard deviation of 
the FA maps across the subjects.

Processing Time
• T1-only diffeomorphic refinement required 2 hours to 

complete on a quad-core 4.2 GHz Intel i7-7700k using 
Ubuntu 16.04.

• Combined T1-FA also required approximately 2 hours
• T1-Color FA required approximately 8 hours due to the 

computational cost of tensor reorientation calculations.

method WM GM CSF
SVReg 0.790 0.655 0.237
SVReg+T1 0.881 0.824 0.478
SVReg+T1+FA 0.875 0.812 0.461
SVReg+T1+colorFA 0.863 0.796 0.439
Table 1. Average Dice indices.

III. Evaluation
• We evaluated our method using data from the Human 

Connectome Project (HCP) 900 Subjects Release (S900) 
data set (Van Essen et al., 2013).

• We generated an atlas using T1w and diffusion MRI (dMRI) 
data from one subject from of the S900 set using SVReg’s
atlas construction tools.
• The T1w MRI (T1w_acpc_dc_restore_brain) was 

processed using BrainSuite to produce cortical 
surfaces and tissue label maps.

• The dMRI (in the T1w_acpc_dc_restore_brain space) 
Processed using BDP to generate diffusion tensors, FA 
and color FA maps in the space of the atlas T1w MRI.

• We applied the combined registration approach data from 
20 subjects selected randomly from the S900 data set.
• Processed T1w MRI using BrainSuite to produce 

cortical surfaces and tissue label maps.
• Processed diffusion MRI using BDP to generate 

diffusion tensors, FA and color FA maps.
• Refined using each of the three different approaches 

for comparison.
• Tissue fraction maps and FA were resampled to the 

atlas space using the computed transformations.
• T1-weighted image alignment was evaluated by 

calculating average Dice indices of the tissue label overlap 
(white matter, gray matter, and cerebrospinal fluid) 
between the registered subjects and the template.

• Diffusion-weighted image alignment was evaluated by 
computing the standard deviation of the FA intensity 
among the subjects and mean-squared error between the 
subjects and the template.
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method Mean Sq. Error Mean FA S.D.
SVReg 0.0252 0.1035
SVReg+T1 0.0215 0.1028
SVReg+T1+FA 0.0136 0.0864
SVReg+T1+colorFA 0.0213 0.1019
Table 3. Mean squared error between 20 subject FA maps and atlas FA map;
Mean standard deviation of FA across all 20 subjects.


