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Abstract: During the study of multimodal brain tumor MR image segmentation, the large differences
in the image distributions make the assumption that the conditional probabilities are similar when
the edge distributions of the target and source domains are similar, and that the edge distributions
are similar when the conditional probabilities are similar, not valid. In addition, the training network
is usually trained on single domain data, which creates a tendency for the network to represent the
image towards the source domain when the target domain is not labeled. Based on the aforementioned
reasons, a new multimodal brain tumor MR segmentation strategy based on domain adaptation is
proposed in this study. First, the source domain targets for each modality are derived through the
clustering methods in the pre-training stage to select the target domain images with the strongest
complementarity in the source domain and further produce the pseudo labels. Second, feature
adapters are proposed to improve the feature alignment, and a network sensitive to both source and
target domain images is designed to comprehensively leverage the multimodal image information.
These measures mitigate the domain shift problem and improve the generalization ability of the
model, enhancing the accuracy of multimodal brain tumor MR image segmentation.

Keywords: multi-modal; domain adaptation; brain tumor segmentation; feature alignment

1. Introduction

The brain is the center of control of the human body, processing the information
collected by sensory organs through a neural network. Controls many functions such as
reasoning, language, and movement. However, uncontrolled cell growth in the brain can
cause brain tumors that affect the health of individuals and even lead to death. To date,
approximately 120 types of brain tumors have been identified [1]. It is proposed that the
early detection and treatment of brain tumors will not only increase the survival rate of
patients but also reduce the incidence of brain tumor-related complications. Therefore, the
precise segmentation of brain tumors is crucial.

In medical image analysis, images acquired by X-ray, computed tomography, and
magnetic resonance imaging usually need to be pixelated manually, which is highly tedious
and time consuming and involves a large investment in human resources. To improve
network performance, traditional segmentation methods usually assume that the training
dataset (source domain) and the test dataset (target domain) have a similar feature space or
are derived from the same domain (assuming a close data distribution between the labeled
training samples and test samples) and use a large amount of labeled source domain data
for training.

In multimodal brain tumor medical image segmentation tasks, data sets usually
contain multiple domains (i.e., the data in the training set and the test set come from
different hospitals, scanning devices, or scanning parameters), while the data lack a lot of
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manual labeling, which makes the assumptions mentioned above too strict and idealistic.
In addition, trained networks are affected by the domain shift problem, that is, they perform
well on the source domain data but perform poorly. in the target domain. To address these
problems, previous studies have focused on domain-adaptive-based approaches. Next, the
concepts related to domains, tasks, transfer learning, and domain adaptation are described
in detail.

Definition 1. (Domain D): The domain (data source) D comprises the input feature space X,
the label space Y, and the associated joint probability distribution P(x,y), where: X indicates
a set of samples, each sample being a feature representation in the feature space X, that is,
X = {x1,x2,...,x,} € X;)Y is one of the two or more types of label space; and P(x,y) is
the joint probability distribution on the feature label space X x Y. Therefore, the domain can be
expressed by the formula D = {X,), P(x,y)}. If the domain is different, its feature space or joint
probability distribution will also change.

Definition 2. (Task T): For a given domain D = {X,),P(x,y)}, a task T (an operation to
be performed by a learned model) consists of two parts, the label space Y and the target category
detection function f(-). Given the characteristic vectors of an instance x;, the target category
detection function f (-) can predict the class labels f(x;) corresponding to the instance, and from a
probabilistic point of view, the target category detection function f(-) can be displayed through a
marginal probability distribution P(Y | X), so that a task for a given domain can be represented as
T = {Y,P(Y | X)}.Y is the set of all labels. The target category detection function f(-) cannot
be intuitively predicted, but can be derived by learning the training samples.

The definitions of the source/reference D; and target domains Dt are presented
as follows. The source dataset in the source domain consists of the sample-label pairs
Ds = {(xsy,Ys;)r (Xsg, Ysp ), oo , (Xs,,Ys, ) }, where x5; € X denotes the observation sam-
ples in the source domain Ds, andys, € ) denotes the corresponding class labels ys, of the
observation samples in the source domain Ds. The target domain Dt comprises the tar-
get samples and their labels, expressed as Dr = { (x1,,y1,), (X1, ¥15), - - - (X1, y1,) )
where x7, € X represents The input samples of the target domain and yr, € ) is the label
/ prediction of the target samples yr,, that is, the output of the corresponding target class
detection function f(-). The unsupervised domain yr, is unknown. In general, the data set
for the source domain ng and the data set for the target domain nt exhibit the following
relationship: 1 < nt < ng. The source domain contains a large amount of sample data,
and the corresponding class labels can be easily derived, whereas the target domain has
fewer sample data and usually has no class labels or only a small number of class labels.
Generally, when the data in the source and target domains are derived from the same task
but are distributed differently, considering the basic knowledge contained in one domain
to be migrated to the other domain may exert a negative effect on the performance of the
learned model in the target domain, i.e., a common negative migration.

Definition 3. (Transfer Learning): Given a source domain Ds and a source task T, a target domain
Dr and a target task Tt, the data of the source and target domains exhibit different distributions
and feature spaces (Ds # D or Ts # Tr), that is, Ds and Dt under different settings are aimed
at improving the prediction performance of the detection function Dt of the target category f(-)
learning the knowledge of Ds and Tg [2]. In particular, both the domain and the task can change
during the transfer learning process. Therefore, domain adaptation ensues.

Definition 4. (Domain Adaptation): DA generally assumes that the feature space and tasks are
constant in all domains, while the distribution of edges (features) varies between the source and
target domains. The main objective is to map data from the same task, but with diverse distributions
of labels in the source domain and data that are unlabeled or with few labels in the target domain,
into a common feature space so that the data are mapped as closely as possible in this feature space.
Consequently, the learned target category detection function utilizes the source domain in this space
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and can perform well in the target domain, thus improving the accuracy of the model’s prediction in
the target domain, which can be mathematically described as follows:

Define X x Y as the common feature space and the corresponding labeling space.
Define the source domain Ds and the target domain Dr in this space with the differ-
ent distributions Ps and P;. There are m samples with labels in the source domain Ds,
Ds = {(x;,y;)}{~,, and there are n samples (with or without labels) in the target domain
Dr,Dr = {(x;)}\_;. The purpose of DA is to transfer the knowledge learned in the source
domain D; to the target domain Dt and perform a specific task in the target domain Dr
with good performance shared between the source domain Ds and the target domain Dr.

Domain adaptation can be adopted in different scenarios and settings through dis-
tinct methods such as instance weighting, feature transformation, and supervised, semi-
supervised, and unsupervised learning. Therefore, DA is expected to be widely applied in
medical image segmentation. The main strategies for this study are as follows.

To improve the generalization ability of the multimodal brain tumor MR image seg-
mentation task and address the domain shift problem, we propose a new adaptive multi-
modal brain tumor MR segmentation strategy based on three principles, outlined below:

(1) There are large visual differences and similarities between different modal brain
tumor MR images, suggesting that the different modal images possess unique and com-
mon features.

(2) Multimodal images can cause a large difference in data distribution between
training samples and test samples, making the idealization assumption invalid.

(3) Training data from only one domain can lead to a tendency for the network to
still have a representation on the target domain that lacks labeling towards the source-
domain image.

Taking into account the above principles, the specifics of the new adaptive multimodal
brain tumor MRI segmentation strategy are as follows:

*  Targets with different modal features of the source domain are derived using clustering
methods in the pre-training stage.

e For each target, samples with the strongest complementarity to the source domain
are identified in the target domain data, and the corresponding pseudo labels are
produced and applied to train the network.

e  Feature alignment is performed using a feature adapter; the feature adapter is a
modular structure that learns to align features from source- and target-domain images.

* Toimprove the generalization ability of the network, a network structure is designed
that is sensitive to the source- and target-domain images, making it better adapted to
the data distribution in different domains.

2. Related Work
2.1. Relevant Research

Domain adaptation is a special case of transfer learning that primarily aims to improve
the performance of the model in the target domain in the absence of a large amount of
labeled data in that domain, using the knowledge of the relevant auxiliary domains and
a large amount of labeled training data. Pan et al. [2] conducted the first systematic
analysis of the development of transfer learning, and proposed several definitions and
a classification of transfer learning techniques, in which domain adaptation (DA) as a
subfield was formally coined. In principle, DA aims to utilize a model trained in one
domain in another domain. The primary aim of this technique is to adapt the model by
analyzing and understanding the differences between the source and target domains to
improve its performance in the target domain. Since then, domain-adaptive methods have
been extensively utilized in various fields. In the past few years, many approaches based
on domain adaptation have been designed to address different scenarios arising under
different application settings. For example, studies [3,4] applied DA to cross-language
text classification; studies [5-7] applied DA to pose estimation; studies [8-10] summarized
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the application of domain adaptation in target detection; and in study [11], the boosting
algorithm, a linear fusion algorithm, and a concept-association model were proposed, all
of which are based on DA, to resolve the various challenges affecting the feature layers,
multi-feature fusion, and semantic associations among the concepts of temporal evaluation
in video concept detection. In addition, domain adaptation is often applied to recommender
systems, sentiment analysis, machine translation, and other directions.

In recent years, data mining-based segmentation techniques have been developed,
improving the performance of cross-domain image analysis. Therefore, the application of
domain-based adaptive methods in medical image analysis is expected to become one of
the hot spots for research.

Currently, DA is mainly applied in medical image analysis tasks such as image seg-
mentation, image classification, and image reconstruction. Wachinger et al. [12] proposed
a supervised domain-adaptive method that leverages the instance weighting to prevent
the effect of distributional differences between source- and target-domain datasets, thereby
enhancing the accuracy in Alzheimer’s disease classification. The method weights the
sample data from the source domain by maximizing the similarity between the source and
target domains, allowing the effective adaptation of the model to the data distribution
in the target domain. Goetz et al. [13] proposed an adaptive supervised brain tumor
segmentation method based on instance weighting, with the aim of solving the challenges
of incorrect sample selection seen in supervised learning due to limited annotation. This
method first trains a domain classifier using paired samples from the source and target
domains, then adjusts the weights of the source samples based on the output (computed
probabilities) of the domain classifier, and finally performs segmentation through the train-
ing of a random forest classifier. Chen et al. [14] developed a novel unsupervised domain
adaptive framework that is leveraged on collaborative images and feature matching. The
method allows the synergistic fusion of feature transformation and image migration into
a unified network for the severe domain shift problem prevalent in cross-modal medical
images. Han et al. [15] proposed a new symmetric unsupervised domain-adaptive structure
that utilizes a symmetric migration subnetwork to map the source domain features into
the target-domain feature space. It learns the feature mapping between the source and
target images, and thus aligns the data distribution between the two domains. To optimize
the segmentation performance, the method uses a complementary information-extraction
mechanism, i.e., the feature information of both the source and target domains in the
segmentation subnetwork, to increase the segmentation accuracy. Vesal et al. [16] proposed
a supervised domain-adaptive method based on CNNs and the task of multisequence
cardiac MRI image segmentation, which effectively addressed the reliance of the traditional
CNN-based multisequence cardiac MRI image on pixel-level annotations, making it un-
suitable for images of different domains. When segmenting MR images, the variability
from different image domains may introduce model reproducibility problems. To perform
the same operation in different image domains, traditional methods are retrained on the
network. Kushibar et al. [17] proposed domain-adaptive strategies by combining spatial
and deep convolutional features to address this problem. For small target-domain data
samples, it cannot fine-tune the model effectively. Therefore, several studies have pro-
posed the use of auxiliary domains as a strategy to enhance the performance on target
domain data. Gu et al. [18] developed a multi-step domain-adaptation algorithm for the
skin cancer classification problem by fine-tuning and training a ResNet model on a larger
dataset of medical images of skin cancer and applying the model to train the target domain
dataset. In addition, Kaur et al. [19] proposed to first pre-train a 3D model on large-scale
source domain data, which was optimized using small labeled target domain data. It was
observed that this strategy achieved superior performance compared to retraining the
network. Kamphenkel et al. [20] proposed end-to-end unsupervised domain-adaptive
models that overcame the dependence of common models on specific image input channels
for breast cancer classification on diffusion-weighted MR images. The technique lever-
ages a diffusion crag imaging algorithm to convert the target domain data into source
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domain data, which alleviates the need to use labeled target domain data. Gao et al. [21]
proposed an unsupervised approach to adapt to data discrepancies between domains by
employing the central moment difference as a loss of domain regularization to maintain the
consistency of the features for more effective adaptation. Bateson et al. [22] proposed an
unsupervised approach to adapt to data discrepancies between domains by employing the
central moment difference as a loss of domain regularization to maintain the consistency of
the features for more effective adaptation.

As presented in Table 1, DA improves the precision and accuracy of image segmenta-

tion while solving the domain shift problem in medical image collars.

Table 1. Overview of research status.

Method References Assignment Datasets Image Types
Instance Wachinger et al. [12] AD Classification ADNI/AIBL/CADDementia MR
Weighting
Goetz et al. [13] Tumor Segmentation BraTs MR
Feature Chen et al. [14] Cardiac Segmentation Heart 2017 CT/MR
Transformation
Han et al. [15] Multiorgan Segmentation Heart/BraTs MR
Supervised Vesal et al. [16] Cardiac Segmentation Heart 2019 MR
Learning
Kushibar et al. [17] Tumor Segmentation Miccai 2012/IBSR MR
Gu et al. [18] Disease Classification HAM/MoleMAp /
Kaur et al. [19] Tumor Segmentation BraTs MR
Unsupervised Kamphenkel et al. [20] Breas’F ‘Can.cer / MR
Learning Classification
Gao et al. [21] Brain Activity HCP MR
Classification
Bateson et al. [22] Intervertebral Disc MICCAI2018/IVDM3Seg MR
Segmentation

2.2. Relevant Knowledge

1.

Domain shift

Domain shift stems from the machine learning model, trained on a dataset, displaying
reduced performance in different datasets. This phenomenon is derived from varia-
tions in the underlying data distributions, such as differences in features, labels, or
sample distributions.

The domain shift problem occurs even when deep convolutional neural networks
are trained on large image datasets, which is a challenge in the era of the rapid
development of deep learning technology. In domains such as medical images, the
domain shift problem needs to be solved. The DA technique is used to solve the
domain shift problem during data migration.

Domain Generalization

Domain generalization investigates the problems in which, in the case of there being
only source domain data, multiple source domain data with different distributions
can be used to train and learn a model with strong generalizability, which achieves
better performance on unknown target domains. The main difference between the
domain generalization problem and the domain adaptation problem is that in domain
generalization the target domain is unknown and only the data of the source domain
are trained. In contrast, in domain adaptation, the target domain and source domain
data are utilized in the training. The advantage of domain generalization is that
models that require a single training can be applied to diverse scenarios. Using MR
and CT as examples, a great difference is observed in the appearance between the
images acquired by these two methods. Training two respective segmentation models
on CT or MR alone and followed by the adoption of these two models to segment a
common set of CT images, called ‘CT to CT” and ‘MR to CT’, respectively, leads to
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the appearance of the segmentation model trained on MR images alone. The model
trained on MR images alone does not generalize well to CT images directly, or the
model trained on CT images alone does not generalize well to MR images directly.
Negative migration

The main focus of DA is to learn from the knowledge of the source domain to perform
well on the target task. However, in some cases, DA may face the following challenges:
(1) the tasks in the source and target domains are not related or similar; (2) the feature
space or data distribution of the data in the source and target domains are different;
(3) the trained model cannot be applied to the source and target domains, leading to
negative migration. In medical imaging, data from different modalities exhibit specific
distributions, and sometimes it is necessary to encode the appearance, shape, and
context simultaneously to eliminate distributional differences. Negative migration is
a major challenge during the application of domain adaptation in medical tasks.

3. Proposed Method

In this section, we provide an overview of the proposed network (Figure 1), and

discuss the key modules in the proposed method (Figures 2 and 3).
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Figure 3. Intra-domain feature adapters.

3.1. Network Framework

The overall structure is presented in Figure 1. Based on the first principle, this paper
uses the MMS-Net encoder [23] as a feature extractor. This encoder can capture different
modal features separately, as well as the links between different modal features. Based
on the second and third principles, Firstly, use the target points in the source domain
for adaptive sample selection during the pre-training stage (Figure 1). Next, the selected
adaptive samples are trained together with the source domain samples, and pseudo-labels
are generated for the target samples to improve the complementary ability between the
source and target domains. In addition, the network is optimized using the cross-entropy
loss function to make it adaptable to both the source and target domains. Subsequently,
feature extraction is performed on the source domain and activity samples to obtain source-
domain source-style features, source-domain target-style features, target-domain target-
style features, and target-domain source-domain-style features. The extracted features
are then extracted using feature adapters, so that the features are aligned to some extent,
including unique features and common features. Finally, the decoder stage is entered.

3.2. Adaptive Generation of Pseudo-Labels

In multimodal image segmentation, two training methods are usually applied: one
is to use only the data of the source domain for training, but this method is associated
with the degradation of the performance of the network in the target domain. The other is
to align the feature distributions of the source and target domains; however, this method
is not applicable to multimodal images. Considering that the feature distributions of
different modalities vary, if we force the alignment of the features of the source and target
domains of each modality, it can destroy its internal structure, causing a degradation of the
segmentation performance.

Therefore, to better characterize the source and target domains, we propose a multi-
target strategy, as shown in Figure 1. The method uses the feature distributions of the source
and target domains to identify the target domain samples that are most complementary
to the source domain and generate pseudo labels, allowing the further calibration of the
model using the cross-entropy loss function. Even when the target domain samples are
small or unlabeled, the method can effectively prevent the distortion of the target domain
feature distribution produced when the two domains are feature-aligned, ensuring that the
model achieves excellent segmentation performance.

Specifically, the approach first employs the K-means algorithm to obtain the most
representative feature targets between different modalities in the source domain, and then
selects the target domain samples that are most complementary to the source domain by
calculating the maximum distance between the target domain features and the targets to
annotate and generate pseudo-labels. Consequently, the fusion of the features of the source
and target domains is achieved without destroying the internal structure, which improves
the performance of multimodal image segmentation.
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3.2.1. Generate Source Domain Targets

Assuming that there are D; pairs of image-label pairs X* = {(x°,5°)} in the source
domain and N pairs of unlabeled images X' = {(x') } in the target domain, the encoder
is fg. Initially, it passes the source-domain images through fg to obtain the source style
features of the source domain, and calculates the source-domain image feature vectors
F*(x*); the operation is presented as Equation (1). The feature vectors of all the source
images are divided into K clusters using the K-means method [24], to minimize the error,
and the operation is as in Equation (2).

F5(x%)
Dj =~
K7 Num |

(2)

where x° denotes the source domain data of all modalities, x; denotes the source domain
data of the i-th modality among them, y; represents the corresponding label mapping,
fe(x3) indicates the corresponding network output, N; denotes the number of its pixels,
c denotes the total number of modalities, L represents the operation of spreading the feature
mapping, C indicates the operation of joining the feature mappings of several modalities
into a single long vector, D}, denotes the source domain target, k € K, and | Num | represents
the number of images of the cluster in which the target is located.

3.2.2. Adaptive Sample Selection

In adaptive sample selection, the distance between the samples in the target domain
and the targets in the source domain is first calculated, and the samples that are the
farthest away and contain only information specific to the target domain are selected.
This strategy helps identify samples that provide important information about the target
domain and may not be well represented in the source data. This is because the greater the
dissimilarity between the target samples and the source domain, the more they complement
the segmentation network. Therefore, we learn the unique features of the target domain
from these samples. To determine the dissimilarity between the target domain samples and
the target domain of the source, the distance between them is selected as a measure. As
shown in Equations (3) and (4), the pseudo code is given in Algorithm 1:

Distance = MAX||F(x') — D,S(H; 3)

ey - o20) o

where x! denotes the target domain data for all modalities, x! is the target domain data for
the i-th modality among them, f¢ (x!) is its network output, and the target-domain image
feature vector F!(x'), | - ||2 is the L, distance.

3.2.3. Generation of Pseudo-Labels

The processes of generating pseudo-labels involve the adaptive selection of active
target-domain samples (xf,y}) and source-domain samples (x°,°), which are used to
train the model. In this process, a cross-entropy loss function is applied for model tuning
purposes. The principal elements are as follows: (1) the adaptive selection of active target
domain samples and source domain samples. To select the active target domain samples,
the distance between the target domain samples and the source domain targets is calculated,
and a subset of the samples exhibiting the greatest distance is chosen. The aforementioned
samples are utilized to achieve the pseudo labels and subsequent training. (2) The selected
target domain and source domain samples are employed to train the model and generate
the corresponding pseudo-labels. The selected samples and source domain samples are
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then fed into the training network, where the model is optimized using the cross-entropy
loss function (Equation (5)). In addition, the cross-entropy loss function is employed to
calculate the losses associated with the generated pseudo-labels and to augment the total
loss function. (3) The execution of (1) and (2) is repeated until the performance of the model
is optimal. In this process, the samples selected each time will be different and, therefore,
the generated pseudo-labels also vary. This facilitates the adaptation of the model to the
distinctive characteristics of the target domain. The pseudocode algorithm is described in
Algorithm 2.

Lcg = Lep(x%,y°) + Leg (xh, vh) (5)

Algorithm 1 Adaptive sample selection

1.  Load the data feature vectors source_features and target_features for the source and
target domains;
Define the list of k-values to be evaluated,;
Initialize the performance metrics evaluation list: performance_metrices;
for k in the list of k -values to be evaluated do
Use Kmeans clustering on the source and target domains to obtain source_kmeans;
for target_feature in target_features do
Calculate target domain sample and source domain target distances;
Select the sample that is furthest away and contains only information specific to
the target domain.
end for
10. Find the sample target_index that is furthest away and contains only feature
information from the target domain.
11.  end for
12.  Calculate the clustering performance metric source_score and update the perfor-
mance_metrices;
13.  Sort the list of performance metrics performance_metrices by target domain clustering
performance from largest to smallest;
14.  Filter the best performing k-value best k;

PN U WD

A

Algorithm 2 Pseudo-Label Generation Algorithm

1. Initialize the model;

2. while iterative execution does not meet expected performance do

3. Calculate the distances between the target domain samples and the source do-
main targets;

4. Select the samples of the most distant target domain: select_samples;

5. for sample in select_samples do

6. Using the selected adaptive samples and source domain samples to train
the model;

7. Generate pseudo-labels;

8 end for

9. Calculate the loss function: Lcp, Adjustment model;

10.  end while

3.3. Feature Adapter

To make the best use of the rich information between different domains, networks
that are suitable for both the source and target domains are identified. Dual-domain
features are deeply mined using an encoder to derive source-domain source-style features,
source-domain target-style features, target-domain source-style features, and target-domain
target-style features. The domain shift problem is successfully eliminated through the use
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of feature-level adversarial learning of these features, while generic and unique features
can be extracted from cross-domain style features. The feature adapters proposed are
composed of two parts: inter-domain feature adapters and intra-domain feature adapters.
The inter-domain feature adapters are applied to extract domain-specific features from
different domains, whereas the intra-domain feature adapters are employed to extract
common feature representations for all domains.

3.3.1. Inter-Domain Feature Adapters

Initially, the generated source-style features of the source domain fg(x) and the
target-style features of the target domain fr(x!) are fused to generate a fused feature
map Zgt; next, a decoupled feature block is presented to decouple unique and invariant
features, which mainly serves for feature extraction. This is because although the input is a
single-domain object, its output features still contains hybrid-style features. Therefore, the
inter-domain feature adapter can be regarded as the purification of the fusion features into
style features. The specific structure is shown in Figure 2. The specific operation is shown
in Equations (6) and (7).

Zst = Conv (fg(x®) + fe(x')) (6)
oo Conv{ soft max[Zst X fg(x°)] —;—softmax[ZST x fe(xY)] } "

3.3.2. Intra-Domain Feature Adapters

The method is primarily employed to extract common features from source-domain
target-style features and target-domain source-style features. In this chapter, the common
feature extraction means are used, with the specific structure illustrated in Figure 3 and the
specific operation described in Equations (8)—(11).

Zo_T_g = COI’\V(fE (xs’t) + fr (xt’s)) (8)
fs—t = Softmax{FN (fg(x°,x")) + Avg(FN(Zs_1_5))} - fe (x°, x") ©9)
fi—s = Softmax{FN (fg (x°,x")) + Avg(FN(Zs_1_5)) } - fe(x',x°) (10)

fé_r_s = Concat(fs—t, fi—s) (11)

4. Experiment
4.1. Dataset

The network models for this experiment were all implemented based on PyTorch,
using the Adam optimizer, the model was an MMS-Net network, the initial learning rate
was set to 0.001 and the number of iterations was decreased, the initial weight was 1, the
momentum was 0.1, the batch size was 4, and the maximum training period was 2000.
The publicly available BraTs18 training set dataset was used as the source-domain data,
BraTs19 and BraTs21 were used as the target-domain data, and the detailed information is
presented in Table 2. The BraTs21 training set includes the results of the MR scan of 1,251
patients with a data size of 240 x 240 x 155.

Table 2. The details of the dataset.

Datasets Resolution Number Role
BraTs18 240 x 240 x 155 285 Training set, source domain
BraTs19 240 x 240 x 155 335 Test set, target domain

BraTs21 240 x 240 x 155 1251 Target domain
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4.2. K-Value Setting

In this chapter, we evaluate the effect of different K values on the modeling of the
source and target domains. For both domains, using multiple K values was consistently
better than using a single center-of-mass K value, and the use of six to nine targets. achieved
better performance as presented in Figure 4. Considering the best performance for both
domains, eight clusters are used for averaging in this chapter.

PPV

774

74 4

714

68

65 T ! ' ' . T N
3 6 9 16 24 32 Kvalue

Figure 4. Number of target spots in the source domain.

4.3. Loss Function

To achieve the alignment of the characteristic of the adapter, the maximum mean
difference was selected as an estimate of the difference between the two domains. MMD is
a kernel sample test based on the rejection or acceptance of the original hypothesis p = g
by a sample of observations. The principle of MMD is that all statistics are the same if the
resulting distributions are the same. Thus, the MMD defines the distance between two
distributions, so the MMD loss is described as follows:

s nr 2
&, (D5, DT) = My (Xs, Xr) = ‘ ;;¢(X?) - an];fP(X,T ) ®
Lump = &5 (FA(f(X5) ), FA (£ (X)) ) ) (13)
Lseg = Lgice + ALMMD (14)

where FA represents the feature adapter.

Figure 5 illustrates the variation curve of the values of the loss function during seg-
mentation training of the BraTs18 dataset using the proposed strategy. During rounds
0-20, the network converges rapidly, and the loss decreases significantly. In round 50, the
network gradually stabilizes and the loss values drop below 5%. In the experiments, several
validations were conducted, and a similar trend was observed. This loss change curve
confirms that the proposed strategy has a specific stability and good convergence speed.

loss
0.10

0.05 A

0. O 0 T T T T T T T T T T T
0 10 20 30 40 50 60 70 80 20 100 <po ch

Figure 5. Schematic diagram of the Loss of decline.
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4.4. Comparison of Similar Methods

To validate the performance of the proposed method, we compared it with Unet++ [25],
SegResNet [26] and 3DUnet [27] in the BraTs19 dataset. The experimental results are
presented in Table 3, the visualization of the results is shown in Figure 6 and the analysis of
the results is shown in Figure 7, using WT as an example. The metrics shown in Table 3
demonstrate that the segmentation strategy performs well in each metric. In terms of the
WT Dice score, the method proposed in this chapter is higher than Unet++ by approximately
1.07%, SegResNet by approximately 4.35%, and 3DUnet by approximately 1.24%. The data
shown in Figure 6 suggest that the proposed strategy can capture the details well in the
target domain, indicating that the strategy solves the domain shift problem.

Flair Unet++ SegResNet 3DUnet Ours

Figure 6. BraTs19 dataset division result visualization.

WT Dice WT PPV

ours 85.83% ours 84.03%

3DUNet 3DUNet 81.81%

81.48%

Unet++ 84.76% Unet++

80 81 82 83 84 85 86 87 79 80 81 82 83 84 85

86.81% Sirs

3DUNet 4| 80.08% 3DUNet 2.7905

i

SegResNet-§ 85.64% SegResNet 2.7237

Unet++ 80.24% Unet++

Figure 7. BraTs19 dataset segmentation results analysis (WT).
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Table 3. BraTs19 dataset division results comparison.
DC/% PPV/% SE/% HD
Evaluation Metrics
TC ET WT TC ET WT TC ET WT TC ET

Unet++ [25] 84.76
SegResNet [26] 81.48
3DUNet [27] 84.59
ours 85.83

81.23  79.88 80.77 7995 8149 80.24 78.52 79.80 25206 2.0684 24125
80.49  78.69 79.72  80.59  78.52 85.64 83.41 7758 27237 2.6606 2.6189
83.27 8273 81.81 7897  79.99 80.08 81.36 7942 27905 25123 2.6131
86.85  84.66 84.03 85.69 8291 86.81 85.84 81.47 22781 19164 2.3109

Note: All values in the table are averages and the bold type in the table is the optimum value.

To further confirm the effectiveness of the proposed strategy, we compared it with
VTNet [28], DynUNet [29], winUnet [30], and TransUnet [31] in the BraTs21 data set. The
experimental results are presented in Table 4, the visualization of the results in terms of WT
is shown in Figure 8 and the analysis of the results is shown in Figure 9. In Table 4, we infer
that the performance of the proposed strategy in this chapter is slightly higher than that
of the popular TransUnet. In Figure 8, we observe that the training of the network with
both the source and active samples accurately extracted the unique features of the samples
from the target domain during segmentation, which weakens the possibility of the network
being skewed towards the source domain.

Flair VTNet DynUnet SwinUnet TransUnet

Figure 8. BraTs21 dataset division result visualization.

WT Dice WT PPV

88.78%
TransUNet 88.69%
SwinUNet

DynUNet

VTNet

TransuNet | 54.93%
SwinUNet 78.68%

DynUNet 81.65%

Vinet _ 79.99%

78 79 80 81 82 83 84 85 86

Figure 9. BraTs21 dataset segmentation results analysis (WT).
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Table 4. BraTs21 dataset division results comparison.
DC/% PPV/% SE/% HD
Evaluation Metrics
TC ET WT TC ET WT TC ET WT TC ET

VTNet [28]
DynUNet [29]
SwinUnet [30]
TransUnet [31]

Ours

84.20
85.81
83.70
87.71
89.78

80.51  78.20 79.77 8179 7881 79.99 80.96 7886 22080 21569  2.0526
83.87 8294 80.72 7889 79.74  81.65 80.08 81.24 22774 25206 2.1189
81.85  80.92 8276  80.77  80.75 78.68 79.54 7782 22290 21236 2.5131
88.82  87.96 88.69 8543 8242 84.93 83.47  84.08 23325 1.8155 2.0136
87.89  84.05 88.78 8591  84.85 85.66 83.69 85.96 19178 22164 2.0109

Note: All values in the table are averages and the bold type in the table is the optimum value.

5. Discussion

The experimental results in Section 4.4 demonstrate that the brain tumor image seg-
mentation strategy based on domain adaptation proposed in this paper can be used to
mitigate the domain shift problem and enhance the model generalization ability, thus
improving the multi-modal brain tumor MR image segmentation accuracy. Experiments
confirmed that adaptively selecting samples and generating pseudo-labels through the
generated source domain targets can help the model to learn the unique features of different
domains, and in addition, the feature adapters can improve the model’s ability to learn the
common features of different domains.

A comparison with other famous methods, including Unet++, SegResNet, and 3DUnet,
and VT-Net, DynUnet, swinUnet, and TransUnet on the two datasets of BraTs19 and
BraTs21, respectively, showed that the proposed strategy performs better in terms of Dice
scores, accuracy, precision, and HD, which proves that this network weakens the possibility
of tilting towards the source domain.

In future applications, the proposed strategy is expected to provide a research direction
to attenuate the effect of domain shifts on the accuracy of image segmentation.

6. Summary

In this paper, we propose a multitarget adaptive sample selection strategy based on
domain adaptation to select the distribution most complementary to the source domain,
and simultaneously, the most unique distribution as the active samples, mainly to avoid
the distortion of the distribution of the target domain that occurs when the model is
trained. In addition, feature alignment is achieved using feature adapters to prevent a
strong adaptation to a single domain when training the network.
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