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ABSTRACT

Pixel-level labeling for medical image segmentation is time-
consuming and sometimes infeasible. Therefore, using a
small amount of labeled data in one domain to help train
a reasonable segmentation model for unlabeled data in an-
other domain becomes an important need in medical image
segmentation. In this work, we propose a new segmenta-
tion framework based on unsupervised domain adaptation
and semi-supervised learning, which uses a small amount of
labeled general brain tumor images and learns an effective
model to segment independent brain gliomas images. Our
method contains two major parts. First, we use unsupervised
domain adaptation to generate synthetic general brain tumor
images from the brain gliomas images. Then, we apply semi-
supervised learning method to train a segmentation model
with a small number of labeled general brain tumor images
and the unlabeled synthetic images. The experimental results
show that our proposed method can use approximate 10% of
labeled data to achieve a comparable accuracy of the model
trained with all labeled data.

Index Terms— Unsupervised Domain Adaptation, Semi-
supervised Learning, Semantic Segmentation, MixMatch,
Brain Gliomas Segmentation

1. INTRODUCTION

Deep learning has achieved great success in natural image
analysis, but less so in medical image segmentation. This is
because image segmentation based on depth learning needs
a large number of pixel-level labels, which is difficult in
medical image segmentation tasks. To solve this problem,
researchers propose several unsupervised domain adaptation
(UDA) methods, which are designed to learn the domain-
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invariant features. After being transferred by UDA, the un-
labeled images can be segmented using the model trained by
the labeled images. Unsupervised domain adaptation meth-
ods can be divided into feature-level and pixel-level methods.

The feature-level methods focus on extracting domain-
invariant feature representations in images. This type of
UDA method has good performance for image recognition
and classification when the data is limited [1]. However,
image segmentation based on feature-level UDA requires a
large amount of data to eliminate the feature-level bias to
obtain useful models [2]. The pixel-level methods aim to find
the mapping functions of texture and style between domains,
which is more suitable for segmentation tasks. CycleGAN [3]
is a classic pixel-level UDA method based on generative ad-
versarial network (GAN). By establishing a cycle generation
process, CycleGAN can provide effective mappings between
different domains. Thus, many multi-modality medical ap-
plications use CycleGAN as their basic network architecture
[4, 5, 6]. In addition to the feature-level and pixel-level UDA,
researchers also combine these two types of methods to solve
more complex medical image segmentation tasks [7, 8].

The aforementioned methods can successfully segment
the unlabeled images with UDA, when sufficient labeled data
in another field are provided. However, if the labeled data
is limited, the ability of the segmentation model may drop
significantly. Semi-supervised learning is an effective way
to achieve the image segmentation with limited labeled data
[9, 10, 11]. Therefore, we propose a new segmentation frame-
work based on unsupervised domain adaptation and semi-
supervised learning. Specifically, we use a small amount of
labeled general brain tumor data to help train an effective
segmentation model for another independent unlabeled brain
gliomas data. The experimental results show that we use
about 10% labeled data to train the segmentation model for
the unlabeled data, which achieves as high accuracy as that of
using all labeled data.



2. METHOD

Our method has two major parts: unsupervised domain adap-
tation and semi-supervised learning. First, in UDA, we
transfer gliomas images into general brain tumor data us-
ing CycleGAN. In the process of image synthesis, we make
the tumor regions of the synthetic image correspond to that of
the original gliomas image at pixel-level. Second, we apply
semi-supervised learning to train the segmentation model for
gliomas images, using a small number of labeled data and the
synthetic data from gliomas images. The overall pipeline of
the proposed method is shown in Figure 1.

Fig. 1. Pipeline of our method

2.1. Unsupervised Domain Adaptation

In this work, because we only have the labels of general brain
tumor images, we expect to transfer gliomas images into gen-
eral brain tumor images. So that we can use labeled general
brain tumor images to train a gliomas segmentation model us-
ing supervised learning.

To learn the mapping function between gliomas image
and general brain tumor image, we use the classic CycleGAN
model [3] in unsupervised domain adaptation. We define a
gliomas image t in the target domain T and a general brain
tumor image s in the source domain S. CycleGAN can learn
the mapping function from one domain to the other domain,
i.e. G : S → T and vice versa, i.e. F : T → S. The
generated images F (t) and G(s) can be regarded as data in
the domains S and T , DS and DT aims to distinguish be-
tween generated images and real image in each domain, re-
spectively. CycleGAN uses the adversarial loss to encourage
the generated images to have similar distributions with those
original images in the same domain:

LGan(G,DT , S, T ) = Et∈T (‖DT (t)‖22)
+Es∈S(‖1−DT (G(s))‖22) (1)

LAdv = LGan(G,DT , S, T ) + LGan(F,DS , T, S) (2)

Furthermore, CycleGAN proposes to optimize the image
synthesis results using cycle reconstruction, for example, the
generated imageG(s) is input into the generator F to produce
a reconstructed image F (G(s)) of s. CycleGAN proves that
the quality of the generated image can be improved effectively
by reducing the difference between F (G(s)) (or G(F (t)))
and s (or t), and the reconstruction loss can be expressed as:

LRec(F,G) = Es∈S(‖F (G(s))− s‖1)
+Et∈T (‖G(F (t))− t‖1) (3)

2.2. Semi-supervised Segmentaion

Fig. 2. MixMatch architexture

After using CycleGAN, we get two parts of data in the
S domain, one is the labeled data of original general brain
tumor images, and the other is unlabeled synthetic data gen-
erated from gliomas images. Inspired by MixMatch [12], we
integrate the two parts of data for semi-supervised learning.
Figure 2 shows the main flowchart of semi-supervised seg-
mentation. Unlike the original design of MixMatch in image
classification, we re-design the fusion approach into a form
suitable for the segmentation task. In the following sections,
we will introduce the details of our customized design.
2.2.1. Label Estimation for Unlabeled Data

During the semi-supervised training, we first use the model
output at the current epoch to estimate the label of unla-
beled data. However, as described in [12], the confidence of
model output before convergence is not high, which means
its boundary is blurred. Therefore, [12] proposes a Sharpen
operation using one-hot encoding as the result of label estima-
tion to improve the model outputs in image classification. The
experiments show that such original design of the Sharpen
operation does not suit for image segmentation. Unlike [12],
we thus design a new Sharpen operation for each pixel of the
segmentation output, which can be expressed as:

Sharpen(pij , T ) = p
1/T
i,j /(p

1/T
i,j + (1− pi,j)(1/T )) (4)

where pi,j represents the label estimation value for the unla-
beled image at the pixel (i, j). T is a hyper-parameter that
controls the stiffness of the model output. We set T = 0.5 in
the experiments.



2.2.2. Data Fusion of Labeled and Unlabeled images
To use both labeled and unlabeled image information in
model training, we adopt a data fusion method in [13]. The
coefficient of fusion beta is determined by the Beta distribu-
tion:

β′ ∼ Beta(γ, 1− γ) (5)

β = max(β′, 1− β′) (6)

where γ is a hyper-parameter (γ = 0.75 in the experiments).
For any two pairs of data and label, (xi, yi), (xj , yj), the
fused image x′ and the fused label y′ can be expressed as:

x′ = β ∗ xi + (1− β) ∗ xj (7)

y′ = β ∗ yi + (1− β) ∗ yj (8)

We define all pairs of general brain tumor images and its
label as X , and we define all pairs of CycleGAN-generated
images and estimated labels in Section 2.2.1 asU . We merged
X and U and randomly shuffle them to form a new set of
data pairs, which was denoted as D. We creating a set of
labeled dataset X ′ by randomly fusing the data from X and
D, while create a set of unlabeled dataset U ′ by randomly
fusing the data from U and D. The fusion process integrates
the information from both labeled and unlabeled data, greatly
reducing the domain discrepancy.

2.2.3. Loss Function
We used binary crossentropy as loss function forX ′ and mean
square error as loss function for U ′ during training. The over-
all objective function is:

L = Lx + λ ∗ Lu (9)

where λ is a hyper-parameter used to control the weight
between two losses. In the experiment, we simply set λ to 1.

3. EXPERIMENTS AND RESULTS

In this section, we will first introduce the datasets. Then, we
will evaluate the validity of the two parts of our proposed
methods using several experiments. Finally, we will evalu-
ate the effectiveness of our method and discuss the impact of
the size of labeled data on the accuracy of our model.

3.1. Datasets and Implementation Details
In this work, we select the gliomas MRI image dataset
from Multimodal Brain Tumor Segmentation Challenge 2018
(BraTS dataset) [14, 15, 16, 17] and a private MRI dataset of
general brain tumors collected by OpenBayes AI Lab (Open-
Bayes dataset). Some examples of the data are shown in
Figure 3.1. BraTS dataset contains 1700 2D T1ce weighted
MRI slices from 230 cases, treated as the unlabeled data in
this work. We only use the annotations provided by the chal-
lenge for method evaluation. OpenBayes dataset contains
8100 T1CE weighted MRI slices, on which all brain tumors
are annotated by several experts. We treat this dataset as the
labeled data in this work.

(a) (b) (c)

Fig. 3. generated image and heatmap output;(a).BraTS 2D
source images;(b).tranfered images from BraTS to Open-
Bayes;(c).OpenBayes source images

For all the experiments in this work, we use instance
normalization[18] instead of batch normalization. We use
Adam algorithm as the optimizer for the deep networks. The
learning rate is set to 2e-4 and lr weight decay is also used in
our model.
3.2. Validity of Unsupervised Domain Adaptation

We use the classic U-Net [19] as the backbone of our seg-
mentation model. To validate the effectiveness of unsuper-
vised domain adaptation, we compare the results of two set-
tings: 1) directly training a model based on OpenBayes data
to segment the original BraTS data; 2) using CycleGAN to
transfer BraTS data into the domain of OpenBayes data, and
then training a model based on OpenBayes data to segment
the synthetic data. Table 1 shows the results of the compar-
ison. Better Dice, MIOU and AUC indicate that using UDA
(CycleGAN) can significantly improve segmentation results.

Model prec recall dice MIOU AUC
w/o UDA 0.7227 0.4568 0.5106 0.4175 0.7275
w/ UDA 0.6152 0.6102 0.566 0.4561 0.802

Table 1. semantic segmentation results for generated image

3.3. Validity of Semi-supervised Learning

To validate the effectiveness of semi-supervised learning, we
conducted experiments on the OpenBayes data. We randomly
divide OpenBayes data into a training set (7400 slices), a val-
idation set (350 slices) and a test set (350 slices). To sim-
ulate the few-shot training, we randomly selected 200 sam-
ples from 7400 training images as a small sample data. We
compare three segmentation models: 1) model using the full
training set, 2) model using the small sample data, 3) model
trained by the semi-supervised learning (proposed in Section
2.2) As shown in Table 2, the segmentation result with only
the small sample data is obviously unsatisfactory, and the
semi-supervised method can greatly alleviate the decrease in
accuracy caused by insufficient data.

Model prec recall dice MIOU AUC train num
Supervised 0.873 0.8733 0.861 0.7932 0.936 7400
Supervised 0.7633 0.7148 0.7202 0.634 0.8564 200

Semi-supervised 0.845 0.7892 0.797 0.722 0.894 200

Table 2. semi-supervied semantic segmentation results



(a) (b) (c) (d) (e) (f)

Fig. 4. results for our proposed method;(a).BraTS source images;(b).segmentation heatmap with the model based on OpenBayes
dataset directly;(c).segmentation heatmap using CycleGan transfer BraTS data into OpenBayes Domain then using the model
based on OpenBayes dataset;(d).combine MixMatch semi-supervised learning method with 800 labeled data from OpenBayes
dataset;(e).combine MixMatch semi-supervised learning method with all 7400 labeled data from OpenBayes dataset;(f) ground
truth of source image.We set the GD-enhancing tumor (ET — label 4) and he necrotic and non-enhancing tumor core (NCR/NET
— label 1) as our positive label

3.4. Validity of the Proposed Method

Our proposed method combines unsupervised domain adapta-
tion and semi-supervised learning. Firstly, to prove the neces-
sity of CycleGan, we use MixMatch directly with OpenBayes
labeled data and BraTS unlabeled data.As shown in Table
3,MixMatch performs terrible with different domain datasets.

Model labeled dataset unlabel dataset(testset) dice MIOU AUC
MixMatch only OpenBayes(7400) BraTS(1700) 0.4468 0.3429 0.6891

MixMatch+CycleGan OpenBayes(7400) Transfered BraTS(1700) 0.6034 0.4971 0.8188

Table 3. results for different unlabeled dataset
Secondly, as shown in Table 4, our combined method us-

ing only about 10% of the labeled data (800 OpenBayes im-
ages) can achieve a comparable accuracy of using all the la-
beled data. Figure 4 shows a few examples of segmentation
results, qualitatively showing that our method can produce re-
sults similar to those using full labeled data.

We also analyze the impact of the size of labeled data on
the accuracy of the segmentation model. We randomly select
200, 400, 800, and 1600 labeled images to evaluate the seg-
mentation ability of the proposed model. Table 4 shows that
with the increase of labeled data, the segmentation ability will
gradually be enhanced and regardless of the labeled data size,
the proposed method is better than other baseline methods.

4. CONCLUSIONS

To address the problem of insufficient labeled data in medical
images, we propose a new segmentation framework based on

amount of labeled data prec recall dice MIOU AUC
200 0.5553 0.5299 0.5061 0.4063 0.7618
400 0.6231 0.5664 0.5430 0.4359 0.7806
800 0.6330 0.6434 0.5990 0.4947 0.8149

1600 0.6350 0.6435 0.6034 0.4971 0.8188
all(7400) 0.6535 0.6325 0.606 0.4976 0.8137

Table 4. results for our proposed method with different
amount of labeled data

unsupervised domain adaptation and semi-supervised learn-
ing. Experiments show that the proposed method can not only
use labeled data from other domains to help training segmen-
tation models for unlabeled data, but also effectively reduce
the dependence of the model on the amount of labeled data.
There is less domain adaptation work in the area of the med-
ical imaging field. We reproduce [2] which is a feature-level
domain adaptation method and gets the result of dice=0.5488.
Our method can get better results(dice=0.606) than this.On
the other hand, our method can be applied to any pixel-based
domain adaptive method, such as [6] and has a wide range of
application value.
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