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Abstract. This is a write-up of our method submitted to Cross-Modality Domain Adaptation Challenge held in MICCAI2021 conference.
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Introduction

Unsupervised domain adaptation (UDA) is a type of domain adaptation and exploits labeled data from the source domain and unlabeled data from the target one [1,
2]. In the Cross-Modality Domain Adaptation for Medical Image Segmentation
(crossMoDA) challenge held in MICCAI2021 conference, a large and multi-class
dataset for unsupervised domain adaptation is introduced [3, 4]. In this challenge,
contrast enhanced T1 MRI volumes for brain are provided as the source domain data,
and high-resolution T2 MRI volumes are provided as the target domain data. The
segmentation targets are vestibular schwannoma (VS) and the cochlea.
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Proposed Method

Our method is based on a standard 3D segmentation deep neural network. We first
train the segmentation network with supervised learning using the source domain
dataset. In the domain adaptation phase, the feature maps obtained by the encoder part
of the segmentation network are fed into Gradient Reversal Layer (GRL) [5] in addition to the decoder part of the segmentation network. The output of the GRL is fed
into three fully connected layers which is the domain classifier.
The loss function in the supervised learning phase ℒ𝑆𝑆 is weighted summation of
cross entropy loss ℒ𝑐𝑐 and Dice loss ℒ𝑑𝑑 as follows:
ℒ𝑆𝑆 = ℒ𝑐𝑐 + 𝑤𝑤𝑑𝑑 ℒ𝑑𝑑

(1)

The loss function in the domain adaptation phase ℒ𝐷𝐷 is summation of the supervised loss as in Eq. (1) for source domain data and the domain classification loss ℒ𝑏𝑏 ,
which is the binary cross entropy loss, for both of source and target data, as follows:
ℒ𝐷𝐷 = ℒ𝑆𝑆 + ℒ𝑏𝑏

(2)
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We train two separate networks for VS and cochlea segmentation. The input data
to each network is cubic patch extracted from the whole volumes.
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Experimental Conditions

We employ 3D version of ENet [6] as the segmentation network. The segmentation
network is first trained with samples from the source domain as mentioned in Section
2. Ninety-five samples (case ID 1 - 95) in the source domain are used as the training
data and ten samples (case ID 96 - 105) are used as the validation data. We then train
the whole network, i.e. the segmentation network, GRL and domain classification
network, with samples from the source and target domains. One hundred and five
samples (case ID 106 - 210) in the target domain are used as the training data. Each
batch in the domain adaptation phase is composed the same number of the samples
from the source and target domains.
As pre-processing, an input volume is resampled at 0.5 mm sampling pitch for all
dimensions and normalized with mean and standard deviation values of each volume.
The number of epochs is 60 for both the supervised learning and domain adaptation phases. The initial learning rate are 1.0e-3 and 6.7e-5 for the supervised learning
and domain adaptation phases, respectively. The optimizer is Adam [7] and the learning rate changes with cosine annealing. The weight 𝑤𝑤𝑑𝑑 in Eq. (1) is 3.4. The learning
rates and the weight are optimized with hyper-parameter tuning using Optuna library
[8]. The search range of the hyper-parameters are from 1e-5 to 0.1, from 1e-10 to 0.1
and from 0.1 to 4.0 for the initial learning rate in the supervised learning phase, the
initial learning rate in the domain adaptation phase and the weight 𝑤𝑤𝑑𝑑 , respectively.
The batch sizes are 4 and 16 for VS and cochlea segmentation, respectively. The sizes
of the cubic patch are 128 and 64 for VS and cochlea segmentation, respectively.
We employ the model showing the highest Dice value for the validation data in the
source samples for the adaptation phase.
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Results

The results for the validation dataset are shown in Table 1.
Table 1. Table captions should be placed above the tables.
Structure
VS

Dice score
0.26 ± 0.31

ASSD
11.4 ± 11.2

Cochlea

0.25 ± 0.25

11.7 ± 11.3
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