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Abstract. The scarce availability of labeled data makes multi-modal do-
main adaptation an interesting approach in medical image analysis. Deep
learning-based registration methods, however, still struggle to outper-
form their non-trained counterparts. Supervised domain adaptation also
requires labeled- or other ground truth data. Hence, unsupervised domain
adaptation is a valuable goal, that has so far mainly shown success in
classification tasks. We are the first to report unsupervised domain adap-
tation for discrete displacement registration using classifier discrepancy
in medical imaging. We train our model with mono-modal registration
supervision. For cross-modal registration no supervision is required, in-
stead we use the discrepancy between two classifiers as training loss. We
also present a new projected Earth Mover’s distance for measuring clas-
sifier discrepancy. By projecting the 2D distributions to 1D histograms,
the EMD L1 distance can be computed using their cumulative sums.

1 Introduction

Labeled 3D medical images in particular for multi-modal scans are rare due to
the necessity of expert knowledge and the large time consumption for labeling.
However, datasets containing either a large number of landmarks [1] or anatom-
ical labels [2] are required for training deep learning models for automatic image
analysis. Unsupervised domain adaptation for multi-modal or multi-domain im-
ages allows using labeled data of one domain to be used on other domains thereby
reducing the need for expensive expert-labeled data. In computer-vision, classi-
fier discrepancy for unsupervised domain adaptation has been successfully used
for classification and segmentation tasks [3]. This approach requires a metric for
comparing the output of two classifiers [4]. Different approaches exist for this
discrepancy measures, for example, the Earth Mover’s distance (EMD) [5] for
1D cases and adaptations for 2D histograms [6]. These approaches are, however,
computationally expensive and based on sensitive hyper-parameters.
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1.1 Contribution

We are the first to employ unsupervised domain adaptation for medical im-
age registration using a discrete displacement setting. We train our model for
mono-modal registration with strong supervision from pre-computed displace-
ment fields. In a next step we use the discrepancy between two classifiers as a
training loss to first maximise the discrepancy by updating the classifier weights
and then minimising the discrepancy by updating the feature extractor weights.
We further improve over the sliced Wasserstein metric [3] using a novel 2D his-
togram projected Earth Mover’s distance. An early proof-of-concept abstract
of this approach on only synthetic MR T1/T2 patches and without instance
optimization was published in [7].

1.2 Related work

For supervised multi-modal image registration some recent methods include us-
ing a Twin CNN-architecture to predict similarity of patches using aligned multi-
modal training data [8] and U-Net like registration with anatomical segmenta-
tions [2,9]. In [9] the latter method is extended using a normalized gradient
metric. Discrete displacement labeling in deep learning-based registration was
proposed in [10] to capture large deformations. In [11] Cycle-GANs were used for
unpaired multi-modal segmentation via knowledge distillation. Recently, promis-
ing methods for domain adaptation for image classification and multi-modal
segmentation have been published in [12].

2 Materials and methods

In this work, we formulate medical image registration as a discrete labelling task
to exploit the strengths of domain adaptation for classification tasks. We apply
our approach to 2D CT to MR registration using a 21x21 displacement vector
resulting in a 441-class classification task.

The training is supervised with pre-computed CT → CT and MR → MR
displacement fields. This pseudo-ground truth was computed using the pdd-net
[10]. For the task of registering CT to MR images no supervision is provided.

Our domain adaptation model is shown in Fig. 1: The two input images
(240x260 resolution) for registration (fixed and moving image) are first passed
to a feature extractor. The feature extractor produces 120x130 feature maps with
24 channels. We then sample a multidimensional tensor from the feature map of
the moving image using an identity grid (interpreted as 1D-column vector per
image dimension) to which the relative displacement search offsets (interpreted
as 1D row vector per image dimension) are added. This yields a resampled feature
tensor of size 24x3900x441, where 24 is the number of feature channels, 3900 the
number of (downsampled) pixels (quarter resolution: 60x65) and 441 the size
of the displacement vector (spatial region of 21×21). This 24x3900x441 feature
tensor is then concatenated with the feature map of the fixed image, which is
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Fig. 1. Domain adaptation approach presented in this work: The model consists of one
feature extractor, an OBELISK net, shown in green and two classifiers, shown in red
and blue, which yield discrete displacement vectors.

repeated 441 times, and then passed to the classifiers. These classifiers are set
up equally except for their random initialization. The classifiers then calculate
a smooth metric of both tensors. Each training epoch consists of three steps:

1. train the feature extractor and both classifiers to register CT → CT or MR
→ MR (in alternating training epochs) with displacement supervision

2. maximise the discrepancy for cross-modal registration between both classi-
fiers while minimising the classification loss for mono-modal registration by
only updating the classifier weights.

3. minimise the classifier discrepancy by updating the feature extractor weights

For feature extraction we employ an OBELISK net [13] with 105k weights. The
OBELISK net takes a 240x260 pixel input image (CT or MR) and produces
a 120x130 (later down-sampled to 60x65) feature map with 24 channels. For
discrete displacement labeling we use two classifiers with 5 blocks of Conv2d,
InstanceNorm and PReLU with 33k weights per classifier. The classifiers take
two 24x3900x441 feature maps and compute a smooth metric of both inputs.
We train the model for 3000 epochs with a learning rate of 0.005 for both the
feature net optimizer and the classifier optimizer.

The sliced Wasserstein metric [3] is not invariant to histogram bin/ displace-
ment class permutations and, therefore, not ideally suited for measuring the
classifier discrepancy in our approach. In our case we can convert the displace-
ment prediction into 2D spatial probability maps for the x- and y-displacements.
Hence, we propose the new projected Earth Mover’s distance (p-EMD) as a dis-
crepancy measure for our approach. The EMD for 1D histograms with linear
complexity can be exactly solved [5]. Based on the 2D-histogram displacements
being close to mono-modal Gaussians we approximate the optimal transport
problem by projecting the normalized histograms to 16 lines rotated between
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Table 1. Dice scores calculated from 6 labels for different training setups on VISCERAL
data. Avg. is the average across all labels. L, S, K and P are the labels for liver, spleen,
kidneys and psoas major muscles, respectively, where the two labels each for K and P
are averaged.

CT → CT MR → MR CT → MR

avg. avg. avg. L S K P

no registration 55.4% 58.4% 50.1% 55.6% 39.6% 48.7% 54.0%

classifier only 77.9% 75.4% 57.4% 76.1% 57.1% 55.7% 50.1%

domain adaptation 76.8% 74.6% 62.3% 77.2% 60.4% 61.5% 56.6%

Fig. 2. From left to right: CT image (fixed) with labels for liver (red), spleen (pink),
left and right kidney (blue and teal) and left and right psoas major muscle (green and
orange), MR image (moving) with CT labels, warped MR image with CT labels and
overlay of CT and warped MR image.

0 and 90 degrees with bi-linear interpolation. The L1 distance of the different
projections then yields the p-EMD, which matches computationally expensive
full EMD calculations almost perfectly and is, at least for our experiments, much
more stable than the 2D diffusion distance in [6]. As a post-processing step we
perform instance optimization using semi-global matching [14] to improve the
alignment.

3 Results and discussion

We test our approach on 2D coronal CT and MR slices from the VISCERAL
dataset [15]. We have a total of 9 CT and 9 MR unpaired image slices with
six labels for the liver, spleen, kidneys and psoas major muscles. We use all
data for training and later also test the cross-modal registration from all 9 CT
slices to all 9 MR slices. We employ our training method with supervision on
CT and MR in alternating training epochs. We set up the displacement vector
to cover displacements of up to 40% of the image width. We test our trained
model on mono-modal (CT → CT, MR → MR) and multi-modal (CT → MR)
registration and compare the resulting label Dice scores (averaged over all labels)
with the initial alignment and the registration with the same model setup but
trained without any domain adaptation. The results are shown in table 1. We
see that both models improve over initial alignment for mono-modal registration
and increase Dice scores from about 55% and 58% to about 77% and 75% for
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CT and MR, respectively. The Dice scores for the individual labels for mono-
modal registration were also very similar for both training methods and are
therefore not shown here. For the cross-modal registration of 81 pairs we see an
improved alignment even for the model trained without domain adaption with
an increase from 50.1% to 57.4% in Dice score. Our proposed domain adaption
approach increases the Dice score by an additional 4.9% points to 62.3%. The
label specific Dice scores for multi-modal registration are also shown in table 1.
We see that the liver Dice score is only about 1% higher with domain adaptation.
The spleen, kidneys and psoas major muscles however benefit stronger from
the domain adaptation with a Dice score increase from 3.3% up to 6.5% This
shows the benefit of domain adaptation with maximum classifier discrepancy
and projected Earth Mover’s distance. Future work will focus on an extension
to 3D and applying our approach to other multi-modal registration tasks.
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