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Abstract. Investigating the maturation process of the brain through
clinical studies is crucial for advancing our understanding of the devel-
oping brain. Neuroimaging studies employing magnetic resonance images
(MRI) often necessitate pre-alignment of images to a standardized space.
Registration of diffusion tensor images (DTI) has the potential to better
align white matter (WM) structures than using structural MRI only, as it
enables alignment of fiber orientation at each voxel. However, microstruc-
tural data are not well suited to accurately register the cortical gray
matter (cGM) ribbon. In spite of this, in many studies the alignment
of subjects is primarily guided by a single modality. In this work, we
propose a multi-channel attention-based deep learning registration app-
roach that selects the most salient features from multiple image modal-
ities to improve alignment of individual MR images to a common atlas
space. We apply the technique to align multi-channel datasets composed
of structural T>-weighted (T>2w) MRI and DTI maps into atlas space.
The quantitative and qualitative evaluation confirmed that when we use
the two modalities we obtain good alignment of anatomical structures,
while also improving the alignment of the underlying white matter tracts.
Moreover, we show that learning a spatially-varying attention map for
weighting the two modalities obtains superior performance than the base-
line multi-channel method that does not incorporate attention.
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1 Introduction

The neonatal brain undergoes dramatic changes during early life, such as cor-
tical folding, development of white matter (WM) tracts and myelination [8].
Magnetic resonance imaging (MRI) provides snapshots of the evolving morphol-
ogy and tissue properties in the developing brain across multiple subjects and
time-points [23]. However, neuroimaging studies often require that the images
are pre-aligned to a common space so that development or pathologies can be
studied longitudinally. Accurate anatomical alignment remains one of the key
challenges for image registration algorithms [8].

Structural and microstructural MRI modalities offer complementary informa-
tion about morphology and tissue properties of the developing neonatal brain,
but often inter-subject alignment is driven by a single modality, such as struc-
tural [4], or diffusion [31] MRI. Moreover, the alignment of both structural T5-
weighted (Tow) scans and diffusion tensor imaging (DTI) maps to a common ref-
erence space holds significant importance in neuroimaging, as Tow scans are valu-
able for morphometric purposes, such as brain segmentation, while microstruc-
tural data can provide information about the underlying tissue properties.

Multi-channel registration aims to find inter-subject anatomical correspon-
dences using sets of images of multiple modalities for each subject. Most such
approaches rely on minimizing the weighted sum of dissimilarity measures calcu-
lated for each channel individually [3,6,7,12,18]. One drawback of this approach
is that each channel is weighted on a global scale, thus not accounting for local
variations within the images. To address this, studies have attempted to weight
the deformation fields with certainty maps calculated from normalised spatial
gradients correlated to structural content [11,29]. Rohde et al. [21] proposed a
framework for multi-channel registration using a multivariate correlation app-
roach, and applied it to DTI data. Guimond et al. [12] and Park et al. [18]
introduced the multi-channel Demons algorithm [26], while Peyrat et al. [20]
further incorporated trajectory constraints for registering 4D time-series car-
diac computed tomography (CT) images. Finally, multi-channel registration has
also been helpful in multi-modal applications where the target and the moving
images consisted of different modalities, and in these cases [5,6] proposed the use
of image synthesis [13,15] to generate synthetic images of the missing channels.

In this work, we propose a multi-channel deep learning attention-based image
registration framework which combines Tow images with DTT maps (see Fig. 1).
Our proposed solution is based on a diffeomorphic non-rigid registration with
stationary velocity field (SVF) representation [14]. Our method aims to opti-
mise the multi-channel alignment through learned spatial attention maps which
provide an optimal spatial weighting for the predicted modality-specific velocity
fields. More specifically, we propose a lightweight convolutional neural network
(CNN) termed attention velocity network which produces attention maps
which identify salient features in the individual channels in order to drive the
multi-channel registration process. To evaluate the proposed framework, we com-
pare networks trained on single modality to multi-channel models, either with or
without attention. Our results show that by using attention in a multi-channel
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Fig. 1. Pipeline of our proposed multi-channel structural and microstructural atten-
tion-driven image registration framework which takes as input the modality-specific
velocity fields vra, and vprr, and outputs the attention maps ara. and aprr. The
black arrows represent the training and inference flow of data through the proposed
attention velocity network, where the final deformation field ¢ is used to interpolate
the moving images into their warped counterparts. Note that the data also undergoes
tensor reorientation (finite strain strategy [2]). Network architecture details can be
found in Fig. 2.

image registration setting we achieve superior overall alignment considering brain
morphology as well as the WM microstructure.

2 Methodology

Our proposed attention-driven multi-channel deep learning image registration
framework aims to combine information from Thw neonatal scans with diffusion-
weighted imaging (DWT)-derived microstructural maps. The overall pipeline is
presented in Fig. 1, where the two channels are Tow and DTI. The attention
velocity network aims to learn the necessary spatial attention maps which
select the most salient features from both structural and microstructural chan-
nels. More specifically, given a pair of fixed and moving Tow and DTI volumes,
the network produces two 3D modality-specific spatial attention maps agay,
and apr; which are used to locally weigh the velocity fields vpg,, and vpry.
The latter are obtained from pre-trained Tow and DTI single-modality image
registration networks which are based on a conditional variational autoencoder
(CVAE) as proposed by [14]. Note that in Fig. 1 we show our proposed pipeline
for Tow and DTI data, however, these can be replaced with different modalities,
such as tissue segmentation maps, or scalar-valued fractional anisotropy (FA)
maps.

Throughout this work we use 3D structural (Tow) and diffusion (DTT) MRI
brain scans acquired as part of the developing Human Connectome Project
(dHCP) [10] for the moving images, and a 36 weeks old neonatal atlas [29] of
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the same modalities as the fixed images. Details about the aquisition parameters
are found in [10].

2.1 Data Preprocessing and Selection

Data Preprocessing. We affinely pre-registered all data to a common 36 weeks
gestational age atlas space [29] using MIRTK [24], and then we resampled both
structural and microstructural volumes to be 1 mm? isotropic resolution. To
obtain the diffusion tensor (DT) maps, we used the DWI2TENSOR MRtrix3 [27]
command, and we performed skull-stripping using the available dHCP brain
masks [17]. All images were cropped to a 128 x 128 x 128 size.

Data Selection. To train our image registration models, we divided our dataset
using an 80%-10%-10% split (see Table 1), using stratified sampling in order to
keep the distribution of post-menstrual age (PMAs) at scan and the male-to-
female ratio close to the original distribution. We report all of our results on the
test set.

Table 1. Number of scans used for training, validation and testing the models.

Dataset Subjects GA (weeks) | PMA (weeks)
Train 350 (1649+ 18657) | 38.0 (£3.8) | 40.6 (£1.9)
Validate| 34 (149 + 20¢7) | 39.7 (£1.4) | 40.7 (£1.7)
Test 30 (120 + 185) | 39.8 (£1.5) | 40.6 (£1.9)

2.2 Model Training

Let F, M represent the fixed (target) and the moving (source) magnetic reso-
nance (MR) volumes, respectively, and let ¢ be the deformation field. In this
work, the focus is on scalar-valued structural data (F72% and MT?*) and tensor-
valued microstructural DTI volumes (FPT! and MPT!) which are 6-component
data. The moving images (M72?% and MPT! | co-registered) are acquired from
the same subject, while the fixed images (F7?* and FPT!, co-registered) are a
36 weeks old neonatal atlas [29].

Scalar-Valued. The baseline image registration network [14] is trained with
Tow data only, and aims to minimize the scalar-valued image registration loss
£7S'eg = LKLD + ABE EBE(S@) + )“Cgsirm where Agg = 0.01 and A = 5000,
as proposed in [14]. The three terms are: the Kullback-Leibler (KL) divergence
LxLp [9,14] (to reduce the gap between the prior and the encoded distribu-
tions), the bending energy (BE) regularisation penalty Lgg [22] which regular-
izes the predicted deformation field ¢, and the scalar-valued image dissimilarity
loss Egsim = A\raw LNCC (FTQw,MTQ“’), where Lncc is the symmetric nor-
malised cross correlation (NCC) dissimilarity measure.
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Tensor-Valued. For the models which use DTI data, we develop layers capable
of dealing with the higher-order microstructural data and introduce them as part
of the baseline network. Registration of DT images is not as straightforward
to perform as scalar-valued data. When transforming the latter, the intensities
in the moving image are interpolated at the new locations determined by the
deformation field ¢ and assigned to the corresponding location in the target
image space. However, after interpolating DT images, the diffusion tensors need
to be reoriented to remain anatomically correct [2]. This is done by applying a
rotation matrix R to each resampled diffusion tensor D, such that: D’ = RDRT.
When the transformation is non-linear the reorientation matrix can be computed
at each point in the deformation field ¢ through a polar decomposition of the
local Jacobian matrix J. This factorisation transforms the non-singular matrix .J
into a unitary matrix R (the pure rotation) and a positive-semidefinite Hermitian
matrix P, such that J = RP [25]. The rotation matrices R are then used to reori-
ent the tensors without changing the local microstructure. This is known as the
finite strain strategy [2]. We train this model either single (DTI-only) or multi-
channel (Tow+DTT). In this case, the optimizer aims to minimize the scalar and
tensor-valued image registration loss £, = LkLp + ABE LBE(p) + A LD,

dsim?

where £D = >\T2w ENCC (FTQw, MT2w) + >\DTI EEDS (FDTI, MDTI). Here,

dsim

Leps is the Euclidean distance squared (EDS) [31].
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Fig. 2. Network architecture of our proposed attention-driven multi-channel model.
Note that the same diffusion tensor reorientation layers are added to the baseline
DTI-only image registration network.
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Attention Velocity Network. For the attention-driven registration task,
we construct a lightweight CNN which uses pairs of modality-specific velocity
fields as input, and outputs a combined velocity field which aims to align both
structural and microstructural data simultaneously. The proposed network learns
the attention maps a9, and apry, for which are, + apry = 1 at every voxel.
The input velocity fields are weighted with the attention maps and combined to
create a final velocity field v = vyo, © oy +vprr © aprr, where ® represents
the element-wise multiplication, and + represents the element-wise addition. The
final dense deformation field ¢ is then obtained through scaling and squaring
layers applied to the velocity field v. The architecture of our proposed attention-
based network is presented in Fig.2. The loss function for training this network
is Lattn = Mrow Lnce(FT2, MT2%) + Aprr Leps(FPTT, MPTT).

Training Details. We train 12 models: 2 single-modality (Tow-only or DTI-
only), and 10 multi-channel models (5 baseline and 5 attention-driven models)
with the following set of hyperparameters (Ara.,, Aprr) = {(1.0,0.5), (1.0, 1.0),
(1.0,1.5), (1.0, 2.0), (1.0,2.5)}. We train each model until convergence (using the
Adam optimizer with its default parameters), with a maximum of 300 epochs,
and use the models which performed best on the validation set. All networks
were implemented in PyTorch (v1.10.2), with TorchIO (v0.18.73) [19] for data
preprocessing (intensity normalisation) and loading, and training was performed
on a 12 GB Titan XP. Average training times were: ~5h for the scalar-valued
networks (Tyw-only), and ~100h for the tensor-valued networks due to their
increased complexity (99h for the DTI-only, 104 h for the baseline Tow+DTI,
and 99h for the attention Tow+DTI).

2.3 Evaluation of Image Registration Models

The quantitative evaluation is carried out on our test dataset of 30 subjects. Each
subject and the atlas had the following tissue label segmentations obtained from
Tow images using the Draw-EM pipeline [16]: cortical gray matter (cGM), WM,
deep gray matter (dGM) and ventricles. Additionaly, a WM structure called
the internal capsule (IC) was manually segmented on the FA maps of all test
subjects. These labels were propagated from each subject into the atlas space
using the predicted deformation fields. A two-sample, two-sided paired t-test
with a significance level of 5% was used to compare pairs of trained models.

Hyperparameter Tuning. To evaluate performance of the registration, we
calculate Dice scores between the warped labels and the atlas labels, for all of
our models. To choose the best set of hyperparameters for the multi-channel
models, we look at the performance of our trained models on two structures:
the ¢cGM and the IC. We chose these two structures because the cGM ribbon
is a difficult-to-align structure due to the inherent inter-individual variability in
cortical folding across the cohort, while the IC is a white matter structure which
is prominent in the microstructural data, and barely visible in Tow structural
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images. We also produce average apry attention maps obtained from 10 neonatal
subjects scanned around 40 weeks PMA.

Alignment of Labels After Registration. After choosing the best overall set
of hyperparameters based on the two selected structures, we report Dice scores
for the remaining labels.

Evaluation of White Matter Alignment. We also carry out an evaluation
of the alignment of WM microstructure, using two metrics proposed in [1]: 1) the
cross correlation (CC) between the trace of tensors, which looks at the overall
diffusivity, and 2) the overlap of eigenvalue—eigenvector pairs (OVL), which looks
at the directional components of the DTIs.

Diffusion Tensor Maps. Finally, we present a qualitative result showcasing
warped DTI maps and Tow images obtained after registering a subject scanned
around 40 weeks gestational age (GA) to the atlas.

3 Results
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Fig. 3. Hyperparameter tuning results showing: a) mean Dice scores for cGM and IC
structures where the shading around each line is the interquartile range (IQR), and b)
average aprr attention maps.
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Hyperparameter Tuning. Figure3a summarizes our results in terms of Dice
scores for the 7 baseline models (1 Tow-only, 1 DTI-only and 5 Tow+DTI
models with different Apr; values), and the 5 proposed Tow+DTI attention-
based networks. The Tow-only model (second column) obtains scores which are
worse than the initial affine alignment (first column) for the IC, and best for the
c¢GM label. On the other hand, the DTI-only model (last column) obtains the
best overall IC alignment, and the worst for the cGM. The attention networks
always outperform (p — value < 0.05) the baseline multi-channel models, for all
values of Apps (columns 3-7), for both the cGM and IC tissue types. Figure 3b
shows the midbrain coronal slices of average apry attention maps for increasing
values of Apry. It is evident from the figure that for App; = 0.5 the network uses
the DTI channel mainly around the dGM region of the brain, while at the same
time, for Apry > 1.0, the apry maps seem to spill over onto the cortical ribbon
(as highlighted by the green arrows), i.e., the models use some information from
the DTT channel when aligning the cGM. We found the middle ground to be at
(Ar2w, Aprr) = (1.0,1.0), in order to not lose performance on ¢cGM alignment,
while also produced good results in terms of the IC label. All of our following
results are based on this set of hyperparameters.

Table 2. Mean (+standard deviation) Dice scores of the single- and multi-channel
(Aprr = 1.0) experiments, together with the initial affine alignment. Statistically sig-
nificant differences (p — value < 0.05) are reported in terms of best/worst overall score
(highlighted in bold/shaded in gray, respectively), and best amongst the multi-channel
models (highlighted with a black box). A - “attention”.

Model cGM WM |Ventricles| dGM 1C

affine 574£.02 | .70£.03 | .63+.05 | .90+£.02 | .64+.07
T2w-only  |.76+.01 .84+.02 .80+.02 .93+.01 .61+.04
DTl-only 68+.02 .77+£.02  .76+.03 | .91+.01  .68+.03
T2w+DTI | .71+.01 | .754+.03 .76+.03 .90+.01 .65+.03
A T2w+DTI| .76:£.01 || .83£.02 || .804.02 || .93£.01 || .68+.03

Alignment of Labels After Registration. Table2 shows the Dice scores
obtained by our trained models for all tissue types (¢cGM, WM, ventricles, dGM
and IC). The proposed attention-based network systematically outperforms the
baseline Tow+DTI models for all structures, with the latter obtaining signif-
icantly worse scores (p — value < 0.05) than its attention-driven counterpart.
These results also highlight the importance of adding the Tow structural chan-
nel to DTT registration in order to improve structural alignment; specifically, the
DTT-only model drops in performance when compared to the Tow-only model in
terms of aligning the cGM, WM, ventricles and dGM tissue types, but regains
its performance when using both attention and the extra structural channel.
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Fig. 4. Test dataset CC scores (left) and average OVL values (right) calculated between
the warped DT images with reoriented tensors and the fixed DTT atlas. Best performing
models (p — value < 0.05) are marked with a yellow diamond. * * %-p-value < 0.001,
* % -p-value < 0.01, x — p-value < 0.05, N.S.-“not significant”. (Color figure online)

Evaluation of White Matter Alignment. Figure4 summarizes our results
in terms of CC scores (left) and average OVL values (right), either computed
across the WM voxels (using the atlas WM label map), or within the IC voxels
(using the atlas IC label map). In terms of the CC scores, our proposed atten-
tion Tow+DTI model outperforms all other models (p — value < 0.05), followed
closely by the DTI-only model which performs similarly well for the IC voxels.
For the average OVL values, the best overall scores are obtained by the DTI-
only model, followed by our proposed attention model, which outperforms its
non-attention counterpart (p — value < 0.05) for the IC voxels. Both baseline
and attention Tow+DTI models perform similarly well for the WM voxels. On
the other hand, the Tbw-only model consistently underperforms in these two
metrics, showing that the DTI channel is essential for correct alignment of WM
microstructure.

Diffusion Tensor Maps. Figure5 shows an example of warped DTI maps
(rows 1-2) and Tow images (row 3) obtained after registering a subject scanned
around 40 weeks GA to the atlas. The IC is strikingly less coherent in the
Tow-only model (yellow arrows, first row) when compared to the atlas, while the
overall shape of the corpus callosum (white arrows, second row) is less preserved.
This is also the case for the baseline Tow+DTI model where the IC seems to be
thinner than obtained by the attention Tow+DTI and DTT-only models (yellow
arrows, first row), while the corpus callosum exhibits an uneven shape (white
arrows, second row). The cortical ribbon (last row) is not well aligned for the
DTI-only model, it is generally “overspilling” into the WM for the baseline
Tow+DTI, while being similarly well aligned with the fixed (blue outline) cortex
in the Tow-only and our proposed attention Tow+DTI models.
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Fig. 5. Mid-brain axial slices of the warped DTI and Tow maps of a 40 weeks GA
neonate for 4 of our trained models: Tow-only, baseline Tow+DTI (Apr; = 1.0),
attention Tow+DTI (Aprr = 1.0) and DTI-only, together with the fixed DTI atlas.
Yellow arrows (first row) point to the IC, while the white arrows (second row) point
to the corpus callosum. The warped Tow images (last row) are shown together with
their corresponding highlighted cortical ribbon (in red), as well as an outline (in blue)
of the fixed (target) cortex. Cyan arrows (last row) point to mis-registered regions of
the cortical ribbon. (Color figure online)

4 Conclusion

In this work we presented a novel solution for multi-channel registration, which
combines structural and microstructural tensor-valued MRI data based on
learned spatially varying attention maps that optimise the multi-channel align-
ment. Our evaluation showed that the proposed attention-driven image regis-
tration network improves overall alignment when compared to models trained on
multi-channel data without attention, while maintaining the performance of the
single-channel registration for the structures salient on that channel. Key limita-
tions of our work include the reliance on accurately co-registered structural and
microstructural data, and the DTI model’s inability to resolve crossing fibers
[28,30]. This has the potential to be explored in future work.
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