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ABSTRACT

Traditional pairwise medical image registration techniques are based
on computationally intensive frameworks due to numerical opti-
mization procedures. While there is increasing adoption of deep
neural networks to improve deformable image registration, achiev-
ing a clinically suitable solution remains scarce. One of the primary
difficulties lies in the choice of tractable distance functions to as-
sess image similarity. Recent works have explored the Wasserstein
distance as a loss function in generative deep neural networks. In
this work, we evaluate a fast approximation variant — the sliced
Wasserstein distance — for deep image registration of brain MRI
datasets. Based on a VoxelMorph backbone architecture, which
includes a combination of UNet and spatial transformer networks
(STN) for deformable registration, we propose three implementation
variants to compare the model’s performance: the standard sliced
Wasserstein, the Radon transform performing a low dimensional em-
bedding, and a novel patch-based method that allows fine-grained
deformation comparison. Experiments performed on public datasets
of brain images from the Learn2Reg open challenge demonstrate
the Wasserstein methods converge faster than the baseline mean
square error method, with the proposed patch-based method yield-
ing similar performance to baseline methods, and improved overall
accuracy compared with other implementations. This makes the
sliced Wasserstein a valuable metric for deep mono-modal and
multi-modal deformable medical image registration problems with
our proposed implementation.

Index Terms— Medical image registration, Deformable regis-
tration, Optimal transport, Wasserstein distance, Brain MRI, Deep
neural networks.

1. INTRODUCTION

The demand for faster registration techniques has motivated the
development of one-step deep learning registration approaches, es-
timating the non-linear transformations between pairs of images.
However, quantifying dense deformation fields due to changes in
morphology or structural features between pairs of images remains
a difficult and open problem in medical image analysis. One of the
challenges associated with this framework is the well established
problem of the image similarity metric.

Traditional registration approaches require a computationally in-
tensive optimization step to align each image pair. This is slow at
prediction time, but also due to the large feature space that must
be determined. Recently, several works with convolutional neural
networks (CNNs) have attempted to estimate the optimal registra-
tion parameters [1, 2, 3]. CNNs are especially well-suited for this
task as they can explore a large parameter space and automatically
learn the set of hierarchical registration features. Furthermore, as
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opposed to optimization-based methods, CNNs take advantage from
large datasets and perform alignment prediction very quickly; in-
deed, once training is completed, the optimization does not need to
be recomputed. This is particularly relevant for interventional use
such as in radiation oncology or surgical guidance where time con-
straints are elevated and can lead to improved efficiency.

Deep image registration often necessitates unsupervised models,
since medical images often do not possess the required labels — de-
formation parameters or fields — which are required for supervised
training. Moreover, clinical datasets with paired and ground-truth
registration of multi-modal images are scarce. In most cases, the
choice of an appropriate loss function, based on an image similar-
ity metric, is paramount to the performance of the model. Image
comparison is non-trivial, more-so as a metric. Mean-squared er-
ror (MSE), mutual information (MI) or normalized cross-correlation
(NCC) are popular metrics, which are easy to implement. Being non-
specific to image registration, it is based on pixel-wise differences.
However, it is highly susceptible to intensity-based perturbations be-
tween image pairs and does not work across modalities.

Recently, the Wasserstein distance has seen a surge in popular-
ity in training deep neural networks. Also referred to as the earth
mover’s distance, it has been traditionally difficult to implement,
having no closed-form solution in high dimensional cases. Recent
work with Wasserstein GAN [4] provided a method to estimate the
measure, using the image pairs directly as distributions, showing the
method was suitable as a loss function for training a deep genera-
tive model. In this work, we implement the Wasserstein loss as part
of a deep image registration model and compare the performance of
three implementations to the standard registration loss of MSE on
brain MRI datasets.

1.1. Related work

Early methods for end-to-end unsupervised deformable registration
used a combination of a regression CNN that outputs transforma-
tion parameters [5], using the Spatial Transformer Network (STN)
[6] and an image resampler. This allowed to train a CNN for de-
formable image registration directly. Following this work, the DLIR
framework was introduced [7] which stacked multiple CNN-STN-
resampler modules to perform affine and deformable, coarse to fine-
grained registration. In recent years, VoxelMorph [8] has emerged
as one of the leading frameworks, replacing the CNN module with a
standard UNet [9], used for image segmentation. With this method,
it allows the model to learn an output of deformation fields directly,
allowing a greater flexibility in possible transformations. Kuang and
Schmah [10] noted however that such flexibility comes at the cost
of allowing non-invertible folding” deformations. To address this,
they introduced a novel penalty loss based on negative Jacobian de-
terminants. Hu et al. improved on the VoxelMorph model by intro-
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ducing a dual-stream architecture [11], allowing training registration
at multiple scales. Finally, Shen et al. combined both affine and de-
formable registration networks, the later using a vector momentum-
parametrized stationary velocity field model instead of the usual de-
formation vector field [12].

2. MATERIALS AND METHODS

We propose an end-to-end framework for deep 3D MRI registra-
tion integrating a modular Wasserstein distance function, allowing
to evaluate the effects of different Wasserstein distance variants. The
architecture, as shown in Figure 1, is based on VoxelMorph [9],
in which a U-Net is trained to generate a deformation vector field
(DVF), used then by the spatial transformer network (STN) [6] to
deform the input volume M into D = STN(DVF, #), while mini-
mizing the difference between the moving and the target image F
using one of the proposed Wasserstein distances as a loss function.

2.1. Optimal Transport and Wasserstein Distance

While one natural strategy would be to use the transport map to find
an ideal registration map, this approach is very computationally in-
tensive. The idea behind trying to circumvent the difficulty of com-
puting the optimal transport map involves minimizing the Wasser-
stein distance. This type of approach has been widely used in sev-
eral works, first in [13] and later on in several GAN implementations
as it greatly increases the stability of training [14]. The typical im-
plementation of the Wasserstein loss follows [4], which relies on
the following duality result, called the Kantorovitch-Rubinstein for-

mula:
1 lhip < 1}

e { [ 04
&)

with ¢(z, y) as the cost function measuring distributions z and y
in domain 7, f||Lip as the differentiable Lipshitz function and L the
Lebesgue measure. The above implies that given two point clouds
as described above by p and v, we can simply sort the points and
directly obtain their Wasserstein distance. One dimensional optimal
transport exhibits a unique feature since it allows for closed form
computations of the optimal transport for n number of samples:

Z |$z yz|p

where x; and y; are the sorted points in clouds i and v, respec-
tively.

The sliced Wasserstein distance then aims to take advantage of
the computational advantage of the 1D case: as seen previously, a
closed-form formula exists to facilitate the computation. Following
this intuition, for yp = 2 >°" | 6., andv = L > iz Oy, we define
the distance as:
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which is differentiable given the properties from Radamacher’s
theorem, where if the ensemble of functions is an open subset and f
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is Lipschitz continuous, then f is differentiable almost everywhere,
meaning points in the ensemble at which f is not differentiable form
a set of Lebesgue measure zero. The integral defined in domain 6
can be computed through the closed-form formulas, with § as Dirac
functions. For the more general formula, one can describe the pro-
jection through Radon transforms [15].

2.2. Wasserstein Distance Approximation

As the Wasserstein distance is computationally expensive to calcu-
late, we used an approximation of the real distance to reduce the
inference timings. The three approaches described here are based on
the sliced Wasserstein distance, projecting the N-dimensional mea-
sure to one dimension and use the closed form equation for calculat-
ing the 1D Wasserstein distance to approximate the distance.

In sliced Wasserstein (SWD), the Wasserstein distance is ap-
proximated by projecting the N-dimensional distribution of random
vectors on the unit sphere. Then, the closed form 1D Wasserstein so-
lution is used to calculate the distance of the projected samples. The
approximation is obtained by taking the mean over the projected dis-
tances. In the Radon implementation [16], the N-Dimensional distri-
bution is projected into 1D distributions. However as the name sug-
gests, the distribution is instead summed over the vectors with differ-
ent angles to obtain the distance approximation. In the patch-based
sliced Wasserstein (PSWD), the volume is divided into patches and
SWD is calculated between every patch pairs. The metric is obtained
as the average SWD of the patches. The idea behind this approach
is to consider finer scale similarities. This also helps alleviate the
computational complexity due to smaller input pairs as:

dPSW T M stwp P?,PiM) “4)

where ¥ and # are the fixed and moving volumes, P/ and pM
are corresponding patches of F and 2, and n is the total number of
patches.

2.3. Datasets

For this work, we evaluated the models on brain MRI datasets,
obtained from the publicly available Learn2Reg image registration
challenge [17]. The first dataset consisted 90 healthy patients and
105 with non-affective psychotic disorder. The non-healthy portion
of the dataset was provided by the Psychiatric Genotype/Phenotype
Project data repository at Vanderbilt University Medical Center
(Nashville, TN, USA). All patients were adults with MR imaging
and expert segmentations of the hippocampus shape. MRI were
acquired using the Philips Achieva scanner (Philips Healthcare,
Inc., Best, The Netherlands) using a 3D T1-weighted MP-RAGE
sequence (TI/TR/TE, 860/8.0/3.7 ms; in-plane resolution of 256 x
256; 170 sagittal slices; 1.0 mm? voxel size). The hippocampus seg-
mentation mask was available on the MRI, with the input volumes
normalized to zero mean and unit standard deviation.

The second dataset was a multimodal brain image dataset of
22 adult patients with low-grade gliomas (Grade II), with intra-
operative 3D ultrasound (US) using a 6-12 MHz linear probe, and
pre-operative T1-w MRI. The MRI was acquired with both 1.5T and
3T Siemens MR scanners, with an in-plance resolution of 256 x 256,
and pixel size of 1.0mm>. Each image had sets of corresponding
expert landmark annotations to evaluate registration performance.
Images were initially rigidly aligned using external fiducials.

The first dataset was split into training, validation and testing
split using 65%, 15% and 20% cases respectively, with a 5-fold
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Fig. 1: Overview of the deep registration framework with the proposed novel patch-based sliced Wasserstein loss.

cross-validation scheme was used for the second. Within each split,
registration pairs were obtained via random selection between cases.
In terms of data preprocessing for Voxelmorph, the volumes were
padded to a uniform shape 64 x 64 x 64, before being cropped to
the contoured ROI and downscaled to 48 x 48 x 48 for computational
purposes.

3. RESULTS AND DISCUSSION

The VoxelMorph model was trained and evaluated with each of
the described Wasserstein approximations (SWD, Radon, PSWD) as
well as MSE, used as a baseline comparison of the image registration
performance. Model selection was performed using a hyperparame-
ter grid search on a GeForce RTX 2080 Ti GPU. The models were
trained using the Adam optimizer at a learning rate of 1 x 10~ for
100 epochs regularized by early stopping with a patience of 5 and
delta of 1 x 10™*, while minimizing the proposed loss functions.
The sliced Wasserstein based methods used 400 projections and an
embedding size of 50. For the patch-based method, the patches were
generated with size 11 x 11 x 11 with a stride of 5. In the case of
the first dataset, to establish the registration performance on the de-
formed hippocampus segmentation, the Dice score, representing the
organ overlap, and the 95% Hausdorff distance based on the mean
edge distance, were used as auxiliary metrics. For the MRI-US
dataset, evaluations were based on mean target registration errors
(mTRE) on manual landmarks.

Figure 2 shows qualitative results of the registration results.
Overall, the deformed hippocampus matches the fixed image, with
sub-region volumes being well preserved. However, edge structures
indicated by the dark orange fiducial markers show that the MSE
and PSWD methods perform the correct deformation, whereas the
Radon method fails to do so. The light yellow marker shows that
the PSWD performs the correct flattening deformation, with a less
pronounced effect for both MSE and Radon.

Table 1 shows the performance results of the model for the base-
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Table 1: Auxiliary registration metrics on the validation set for the
mono-modal dataset.

Loss Function  End epoch HD95 Dice score
MSE [8] 42 3.20+£1.16  72.33 £0.06
SWD 33 3.37+1.12 71.324+0.06
Radon 36 3.52£1.22 68.45 £+ 0.06
PSWD 32 3.19+1.08 71.98+0.05

line MSE and each of the proposed Wasserstein implementations, as
well as the number of epochs before convergence was reached. Con-
vergence time, as triggered by the early stopping mechanism, was
achieved earlier for SWD (33 < 42), Radon (36 < 42 epochs) and
PSWD (32 < 42 epochs) which converged the fastest compared
with the baseline MSE. This shows the benefit of the Wasserstein
distance as a metric, with a faster optimization as compared to other
methods.

Table 2: Auxiliary registration metrics on the test set for the mono-
modal dataset.

Loss Function HD95 Dice score
MSE [8] 3.14+£1.47 72.83+£0.11
SWD 3.43+1.45 69.72+0.12
Radon 3.46 £1.36 68.48 £0.10
PSWD 3.08+1.25 73.11+0.10

Table 2 shows the performance on the test set. Both previous
implementations of sliced Wasserstein showed inferior hippocampus
registration performance compared with MSE baseline, with SWD
achieving a HD95 of 3.43 £ 1.45mm and Dice score of 69.72 +
0.12, while the Radon approach yielded a HD95 of 3.46 £ 1.36mm
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(a) Moving image (b) MSE (c) SWD (d) Radon (e) PSWD (f) Fixed image

Fig. 2: Sample registration results with the moving and fixed images, as well as sample deformed images for each of the compared dis-
tance metrics. Images shown are axial center slice of the hippocampus volume. Blue mask: anterior hippocampus. Pink mask: posterior
hippocampus.

Fig. 3: Sample multi-modal registration with MRI and 3D US images obtained with the PSWD metric used in the framework.

and Dice score of 69.48 £ 0.10. On the other hand, the PSWD 5. COMPLIANCE WITH ETHICAL STANDARDS
version showed the best overall performance compared with base-
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