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Abstract. Automatic segmentation of vestibular schwannoma (VS) and
cochlea from magnetic resonance imaging can facilitate VS treatment
planning. Unsupervised segmentation methods have shown promising re-
sults without requiring the time-consuming and laborious manual label-
ing process. In this paper, we present an approach for VS and cochlea
segmentation in an unsupervised domain adaptation setting. Specifically,
we first develop a cross-site cross-modality unpaired image translation
strategy to enrich the diversity of the synthesized data. Then, we devise
a rule-based offline augmentation technique to further minimize the do-
main gap. Lastly, we adopt a self-configuring segmentation framework
empowered by self-training to obtain the final results. On the Cross-
MoDA 2022 validation leaderboard, our method has achieved competi-
tive VS and cochlea segmentation performance with mean Dice scores of
0.8178 ± 0.0803 and 0.8433 ± 0.0293, respectively.
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1 Introduction

Vestibular schwannoma (VS) is a benign tumor that stems from an overproduc-
tion of Schwann cells. It develops from the vestibular nerve which connects the
brain and the inner ear and its common symptoms include hearing loss, dizziness,
and tinnitus [19]. Magnetic resonance imaging (MRI) is crucial for diagnosis and
surveillance of VS and contrast enhanced T1 weighted (ceT1) MRI is currently
the most commonly used protocol. However, this involves gadolinium, which may
produce side effects ranging from mild to severe. As a possible noncontrast and
lower-cost alternative, high-resolution T2-weighted (hrT2) imaging has shown
promises for follow-up surveillance scans [2, 15,17].

To facilitate the clinical workflow, automatic methods to segment the VS
in ceT1 and hrT2 have recently emerged [17, 20, 24]. However, training super-
vised VS segmentation models requires manual annotation, which is expensive
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Fig. 1. Two types of domain gaps exist in CrossMoDA 2022 due to the difference in
(1) acquisition sites and (2) MRI modalities.

and time-consuming. Weakly-supervised [4] and unsupervised VS segmentation
methods [5] have thus drawn increasing interest in the community. In the Cross-
MoDA 2021 challenge [5], participants were given the task of unsupervised cross-
modality VS and cochlea segmentation, i.e., segmenting these two structures in
hrT2, but annotations were only provided in unpaired ceT1 images in the train-
ing set. In the CrossMoDA 2022 challenge, an additional set of ceT1 and hrT2
images are acquired at another MRI site. Therefore, two types of domain gaps
exist in this challenge due to the difference in (1) acquisition sites, i.e., site A vs.
site B, and (2) MRI modalities, i.e., ceT1 vs. hrT2, as shown in Figure 1. Both
domain gaps need to be addressed to achieve robust segmentation performance
in CrossMoDA 2022.

In this paper, we present our solution to the segmentation task of CrossMoDA
2022. We approach this task as an unsupervised domain adaptation (UDA) prob-
lem where we first train cross-site unpaired image translation models to generate
pseudo target domain (hrT2) images, then apply a rule-based augmentation to
the pseudo hrT2 images, and finally train nnU-Net [9] segmentation models us-
ing a self-training scheme. The results on the challenge leaderboard showed that
our method has achieved promising segmentation performances on both VS and
cochlea.

2 Related Work

2.1 Unsupervised Domain Adaptation (UDA)

The performance of machine learning models can be affected by data distri-
bution shift between the training/source dataset and test/target dataset [7].
UDA refers to the task of improving model performance on target domain data
when their label is not available. Feature alignment-based methods aim to learn
domain-invariant features across different domains. Domain Adversarial Neural
Network (DANN) [6] is a representative architecture that utilizes adversarial
learning between a feature extractor and a domain discriminator. The domain
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