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Background: The information between multimodal magnetic resonance imaging (MRI) is complementary. 
Combining multiple modalities for brain tumor image segmentation can improve segmentation accuracy, 
which has great significance for disease diagnosis and treatment. However, different degrees of missing 
modality data often occur in clinical practice, which may lead to serious performance degradation or 
even failure of brain tumor segmentation methods relying on full-modality sequences to complete the 
segmentation task. To solve the above problems, this study aimed to design a new deep learning network for 
incomplete multimodal brain tumor segmentation.
Methods: We propose a novel cross-modal attention fusion-based deep neural network (CMAF-Net) 
for incomplete multimodal brain tumor segmentation, which is based on a three-dimensional (3D) U-Net 
architecture with encoding and decoding structure, a 3D Swin block, and a cross-modal attention fusion 
(CMAF) block. A convolutional encoder is initially used to extract the specific features from different 
modalities, and an effective 3D Swin block is constructed to model the long-range dependencies to obtain 
richer information for brain tumor segmentation. Then, a cross-attention based CMAF module is proposed 
that can deal with different missing modality situations by fusing features between different modalities to 
learn the shared representations of the tumor regions. Finally, the fused latent representation is decoded to 
obtain the final segmentation result. Additionally, channel attention module (CAM) and spatial attention 
module (SAM) are incorporated into the network to further improve the robustness of the model; the 
CAM to help focus on important feature channels, and the SAM to learn the importance of different spatial 
regions.
Results: Evaluation experiments on the widely-used BraTS 2018 and BraTS 2020 datasets demonstrated 
the effectiveness of the proposed CMAF-Net which achieved average Dice scores of 87.9%, 81.8%, and 
64.3%, as well as Hausdorff distances of 4.21, 5.35, and 4.02 for whole tumor, tumor core, and enhancing 
tumor on the BraTS 2020 dataset, respectively, outperforming several state-of-the-art segmentation methods 
in missing modalities situations.
Conclusions: The experimental results show that the proposed CMAF-Net can achieve accurate brain 
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Introduction 

A brain tumor is an abnormal growth of brain cells, 
which is considered one of the most prevalent and deadly  
diseases (1). Relevant data show that brain tumors account 
for approximately 1.6% of the incidence and 2.5% of the 
mortality of all tumors, posing a great threat to human 
health (2). Accurate segmentation of brain tumors provides 
important information to assess disease progression and 
develop treatment plans. Magnetic resonance imaging 
(MRI) is a high-performance imaging technology that 
causes little damage to the human body. It is extensively 
used to examine brain tumors because it can provide high-
resolution images of the anatomical structure of soft 
tissues (3). Multimodal MRI is an imaging sequence under 
different imaging parameters that preserves the structural 
features of brain diseases from multiple perspectives. In 
the multimodal MRI of brain tumors, commonly used 
MRI sequences include fluid-attenuated inversion recovery 
(FLAIR), T1-weighted (T1), contrast-enhanced T1-
weighted (T1ce), and T2-weighted (T2) (4). Different 
modalities can describe different kinds of pathological 

features of brain tumor structures, and multimodal image 
information can effectively complement one another.  
Figure 1 shows a typical example of multimodal MRI for 
brain tumor segmentation in the BraTS 2020 dataset (5). 
From left to right, the MRI images of the 4 modalities 
and the corresponding tumor region labels are shown. As 
shown in Figure 1, different modality sequences highlight 
different features, and limitations exist in characterizing 
these features with only a single-modality MRI. Combining 
multiple modality images can provide comprehensive 
information for analyzing different subregions of brain 
tumors and improving the accuracy of diagnosis and 
segmentation (6). However, manual segmentation of 
different subregions of brain tumors from multimodal MRI 
usually requires substantial time and effort from expert 
radiologists (7), and the results are usually subjective. 
Therefore, designing an automatic multimodal MRI brain 
tumor segmentation algorithm is needed to improve the 
accuracy and efficiency of clinical diagnosis (8).

For the auxiliary diagnosis technology of medical images, 
some studies have mainly focused on the classification 

tumor segmentation in the case of missing modalities with promising application potential.
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Figure 1 Example of data from the BraTS 2020 dataset. From left to right, the images represent 4 MRI modalities: T1, T1ce, T2, FLAIR, 
and the ground truth labels. In the ground truth image, the green region represents edema; the yellow region represents enhanced tumor; 
and the red region represents necrotic and non-enhancing tumor. T1, T1-weighted; T1ce, contrast-enhanced T1-weighted; T2, T2-
weighted; FLAIR, fluid-attenuated inversion recovery; GT, ground truth; MRI, magnetic resonance imaging.

T1 T2 GTT1ce FLAIR
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of brain tumors. For example, Badjie et al. (9) proposed 
a new model combining convolutional neural network 
(CNN) and AlexNet to enhance brain tumor detection and 
classification in MR images. Khan et al. (10) proposed a 
brain tumor detection and classification framework based 
on saliency map and deep learning feature optimization, and 
designed an improved dragonfly optimization algorithm for 
optimal feature selection, but their framework is limited by 
incorrect tumor segmentation. Later, Kurdi et al. (11) used 
the Harris Hawks optimized convolutional neural network 
(HHOCNN) method to classify brain tumors, which further 
improved the overall tumor recognition accuracy. The 
focus of these works was still mainly on the task of brain 
tumor classification, but the current image segmentation 
research is also becoming more and more important, such 
as the realization of CNN-based joint segmentation and 
classification to improve the disease detection accuracy 
of benchmark and clinical images (12), or the use of deep 
learning methods to segment brain tumor images.

Deep learning is widely used in various computer vision 
problems because of its strong feature extraction ability 
and high adaptability. CNNs show good performance 
in brain tumor segmentation. Mainstream CNN-based 
networks with an encoder–decoder structure such as 3D 
U-Net (13), Attention U-Net (14), and V-net (15) provide 
promising results for 2-dimensional (2D) and 3-dimensional 
(3D) brain tumor segmentation tasks. However, CNN-
based methods also have limitations. The localized nature 
of convolution limits the model when dealing with long-
range dependencies, resulting in insufficient ability to learn 
global features and remote features, which are essential for 
accurately segmenting tumors of different types and sizes. 
To address this issue, Transformer (16) has been rapidly 
applied to brain tumor MRI image segmentation tasks with 
good performance by establishing connections between 
token features and employing a self-attention mechanism 
to be able to better capture global contextual information. 
Compared with the traditional CNN, the Transformer 
model solves the local inductive bias and improves the 
ability to deal with non-local interactions by introducing 
a self-attention mechanism. Existing Transformer-based 
brain tumor segmentation methods can compensate for 
the problem of limited receptive field of traditional CNN, 
but the computational cost is high (17,18). To reduce 
the computational complexity of Transformer, Swin 
Transformer (19) utilizes window-based self-attention to 
reduce parameters and computation, as well as a shifted-
window mechanism for global dependency modeling. 

Inspired by this, Hatamizadeh et al. (20) proposed Swin 
UNETR (UNEt TRansformers), a new architecture for the 
semantic segmentation of brain tumors by using multimodal 
MRI images. It uses Swin Transformer as an encoder and a 
CNN-based decoder. Among the techniques using artificial 
neural networks, there are also various preprocessing 
techniques such as data augmentation, transfer learning, and 
test time augmentation that can improve the performance 
of classifiers with limited training data. Transfer learning 
can accelerate the CNN training process by using pre-
trained models. Deep CNN combined with transfer 
learning techniques can achieve intelligent recognition and 
classification of brain tumors, which helps to reduce the 
work intensity of doctors (21). Data augmentation processes 
can solve problems with limited datasets and improve 
classification performance, and are often incorporated into 
model training (22). The combined use of these techniques 
can bring more possibilities and development opportunities 
for research and practice in areas such as medical image 
analysis. In addition, multimodal joint learning can help 
the model to mine the relationship between modal data 
and establish complementary links between modalities (23). 
This strategy is widely used in the field of medical image  
analysis (24). Compared with using unimodal MRI, 
segmentation using multimodal MRI can fully utilize the 
complementary information among different modalities and 
significantly improve the segmentation performance (25).  
To date, numerous multimodal methods for automated 
brain tumor segmentation have been proposed (26-28). 
Among them, a common way to use multimodal MRI 
images is to directly concatenate them in the channel 
dimension as inputs early in the network, but it does not 
take full advantage of the complementary relationship 
among different modal images (26). To address this 
problem, recent works have improved the performance and 
expressiveness of the model by using high-level features 
extracted from each modality. They use a hierarchical 
fusion strategy in the middle layers of the network (27,28). 
Xing et al. (27) proposed a nested Modality Aware Feature 
Aggregation module for multimodal fusion, which utilizes 
a nested Transformer to establish intra- and inter-modal 
long-range correlations for a more efficient feature 
representation. Considering the significant differences 
between modalities, TranSiam (29) uses 2 parallel CNNs 
to extract features specific to each modality, and fuses the 
features of different modalities through a locally-aware 
aggregation block to establish correlations between the 
features of different modalities. However, it focuses on 
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generating shared representations by fusing multi-modal 
data, without considering modality-specific features. 
F2Net (30) has an obvious advantage, that is, it retains 
modal-specific features while exploring complementary 
information, thereby improving segmentation performance. 
The methods discussed above have a better segmentation 
effect when the multimodal MRI data are complete. 
However, considering factors such as scanning cost and data 
quality, not all patients have complete multimodal MRI 
data. As a result, the problem of missing modalities arises, 
and segmentation performance is reduced. Some existing 
brain tumor segmentation methods (31,32) can use only 
data with complete modalities to complete the segmentation 
task, which cannot be directly applied to modality missing 
scenarios in clinical practice. Therefore, the development 
a robust multimodal brain tumor segmentation method is 
urgently needed to solve the missing modality problem.

Current mainstream segmentation methods for dealing 
with missing modalities can be roughly divided into 2 
kinds. One relatively straightforward approach is to train 
a dedicated network for each possible combination of 
MRI modalities (8), which is a complex and inefficient 
training process despite better segmentation performance. 
Another more typical solution is to synthesize the missing 
modalities by generative modeling and then using the 
complete modalities for segmentation (33,34). For example, 
Zhan et al. (33) proposed Multi-Scale Gate Mergence 
Generative Adversarial Network (MGM-GAN), an end-
to-end multimodal MRI synthesis architecture, based on 
conditional generation adversarial networks. The model 
extracts valuable features from multiple MRI modalities 
and is used to synthesize missing or corrupted images in 
the clinic. However, this approach requires training the 
generative model for each missing modality, which not 
only introduces additional computational cost and manual 
intermediate steps, but also the generative network training 
faces an instability problem that may lead to unsatisfactory 
synthesis results. Ultimately, the segmentation results 
are affected. The third solution to incomplete modality 
is knowledge distillation (35,36). Li et al. (36) proposed 
a Deeply-supervised knowledGE tranSfer neTwork 
(DIGEST), constructing a knowledge transfer learning 
framework that enables a student model to learn modality-
sharing semantic information from an instructor model pre-
trained with complete multimodal MRI data. It can achieve 
accurate brain tumor segmentation in different modality-
absent scenarios. However, the performance and robustness 
of the student model may be affected by the teacher model. 

Similarly, D2-Net (37) segments brain tumors with missing 
modalities and identifies the relationship between the state 
and the tumor region by aligning the characteristics of 
the disentangled binary teacher network with the overall 
student network. Meanwhile, Qiu et al. (38) proposed a 
Category Aware Group Self-Support Learning framework 
for incomplete multi-modal brain tumor segmentation. 
Unlike previous distillation algorithms, the framework 
does not use a larger network as the teacher, but a self-
supporting group of students as the teacher, and no new 
models or parameters are introduced. The first ‘dedicated’ 
method performs well in segmentation effect; however, 
they are resource-intensive. Since there may be various 
missing modes, these methods usually need to train 
multiple networks, which requires substantial time and 
computer resources. The synthetic network training in the 
second method requires certain computing and storage 
resources, and its performance is affected by the quality of 
the synthetic image of the missing mode. The third method 
based on knowledge distillation needs to train a series of 
student models for each missing modality, which leads to 
huge space and time costs. At the same time, this method 
also has the risk of inaccurate information caused by direct 
transmission of knowledge between modalities. Although 
knowledge distillation can mine useful knowledge from the 
teacher network to guide the feature learning of the student 
network, it is still challenging to enable the student model 
to obtain key feature representations from all modalities. 
Recent approaches have attempted to create a shared 
feature space to retrieve missing information and establish 
a unified model for all missing modality cases (39-41).  
Specifically, Havaei et al. (40) proposed Hetero-Modal 
Image Segmentation (HeMIS). It trains a feature extractor 
for each modality and computes first-order moments and 
second-order moments of the available features to fuse 
multimodal information and deal with missing modalities. 
After the HeMIS network, Dorent et al. (41) proposed a 
Hetero-Modal Variational Encoder-Decoder (U-HVED), 
which extends the Multi-Modal Variational Auto-Encoder 
and has been shown to be robust to missing modes. 
However, these 2 methods may not be able to aggregate 
features efficiently and perform poorly when critical modes 
are missing. Zhang et al. (42) proposed a Transformer-based 
incomplete multimodal learning approach for brain tumor 
segmentation, aiming to fuse the features of all modalities 
into more comprehensive features, but it ignores the use of 
the correlation between different modalities. Region-aware 
Fusion Network for Incomplete Multi-modal Brain Tumor 
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Segmentation (RFNet) (43) achieves area-aware fusion 
through a tumor area-aware module, but fails to establish 
cross-modal long-range dependencies. Furthermore, 
Konwer et al. (44) proposed a new training strategy to solve 
the missing problem in brain tumor segmentation under 
limited full-modal supervision through metal learning and 
modal combination as a meta-task. These previous works 
are cleverly designed and robust under missing modality 
conditions, but these methods still need to rely on complete 
modalities during training. Unlike previous methods, our 
approach is effective and resource efficient because it does 
not require training specific models for individual missing 
modality cases. Meanwhile, our framework simulates only 
the missing modalities by randomly “dropping out” the 
imaging modalities throughout the training process without 
changing the model structure.

To overcome the above limitations, the present study 
aimed to adopt a more efficient incomplete multimodal 
learning strategy to learn modality-invariant shared-feature 
representations by fusing any number of available modalities 
in the latent space. A unified model was then established 
for all possible missing-modality scenarios. We propose a 
deep CNN [cross-modal attention fusion-based deep neural 
network (CMAF-Net)] consisting of a 3D U-Net (13) and 
a cross-modal attention fusion (CMAF) module for brain 
tumor segmentation with missing modalities. Our network 
can automatically capture complementary information from 
incomplete multimodal data and learn brain tumor shared 
feature representations to handle the problem of missing 
modalities in real-world scenarios. In our design, we used 
4 independent coding branches for each modality, where 
the convolutional block and 3D Swin block (45) learn local 
features and global dependencies, respectively. Then, we 
designed a CMAF module, which can effectively utilize the 
complementary information between different modalities to 
learn modality-shared potential representations. Finally, the 
modality-invariant shared features obtained after the fusion 
stage were upsampled to obtain the final segmentation 
results. Extensive experimental results on BraTS 2018 
and 2020 (5) demonstrated that CMAF-Net exhibited a 
superior performance compared to other popular networks 
in brain tumor segmentation under various missing 
modality settings. The main contributions of this paper are 
summarized as follows:
	We developed a multi-encoder and single-decoder 

brain tumor segmentation network called CMAF-
Net to solve the incomplete multimodal brain tumor 
segmentation problem. Particularly, we designed a 

new CMAF module that can adequately model the 
correlation between multimodal data and handle 
the case of missing modalities by fusing multimodal 
features to learn modality-invariant shared 
representations.

	To fu l ly  u t i l i ze  the  re spec t ive  advantages 
of Convolution and Transformer for better 
segmentation performance, we proposed a shift-
window based 3D Swin block to capture long-
distance contextual interactions while maintaining 
low computational complexity.

	In order to segment brain tumors more accurately, 
we introduced a spatial and channel self-attention 
module in the decoding stage to gradually aggregate 
multimodal and multi-level features. With these 
2 modules, the network can selectively emphasize 
informational features while suppressing less useful 
features.

The rest of this paper is organized as follows. The ‘Methods’ 
section elaborates the overall framework of the proposed 
CMAF-Net and the detailed structure of each module and the 
‘Experiments and results’ section describes the experimental 
setup and details, as well as provides the experimental results 
and analysis. The ‘Discussion’ section presents the discussion 
of study implications and offers future research directions. In 
the last section, the conclusion is presented.

Methods

The proposed network architecture is first introduced. Each 
component including the 3D Swin block and the CMAF 
module is then described in detail. Finally, details of the loss 
function and hyperparameters used in the training phase are 
discussed. The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013).

Network architecture

To overcome the challenges of missing modalities in clinical 
practice, we proposed a brain tumor segmentation algorithm 
based on CMAF-Net. Our CMAF-Net is based on a multi-
encoder 3D U-Net (13) architecture using incomplete 

multimodal MRI data with { }, 2, 1, 1ceM FLAIR T T T= . It 
comprises an encoder stage, a fusion stage, and a decoder 
stage, as shown in Figure 2. In the encoder phase, CMAF-
Net takes multimodal MRI images as input. First, the 
available MRI modalities are fed into each independent 
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encoder to extract the features of different modalities. 
Then, the local feature maps of each modality generated by 
the convolutional encoder are then fed into the constructed 
3D Swin block to model the long-range correlation. In the 
multimodal fusion stage, we proposed a new multimodal 
fusion module called CMAF module. It efficiently fuses 
features among different modalities to learn a modality-

invariant shared representation corresponding with the 
tumor region and cope with the situations of missing 
modalities. Finally, the decoder progressively aggregates 
multimodal and multilevel features by using spatial and 
channel self-attention modules and then upsamples the 
fused features to the original input resolution to make pixel-
level predictions.

Figure 2 An overview of our proposed network architecture, including encoder stage, fusion stage, and decoder stage. 3D Swin block is 
used to capture global information. The CMAF block is used to fuse multimodal features. CAM, channel attention module; SAM, spatial 
attention module; CMAF, cross-modal attention fusion; T2, T2-weighted; T1, T1-weighted; T1ce, contrast-enhanced T1-weighted; 
FLAIR, fluid-attenuated inversion recovery; 3D, three-dimensional; F, input feature map; C, channels of the feature map; H, height of 
feature map; W, width of feature map; D, depth of feature map; CA, channel attention; Fc, feature map weighted by channel attention; Fs, 
feature map weighted by spatial attention; SA, spatial attention; V, value; K, key; Q, query.
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Encoder stage

In the encoder stage, the hybrid encoder can efficiently 
bridge the convolutional encoder and the 3D Swin block to 
extract local and global features within a specific modality, 
respectively. Specifically, given a multimodal 3D MRI 

image { } 1

M
m m

x x
=

= , 1H W Dx × × ×∈ℜ , where M  is the number 
of modalities, D  is the number of slices, H  and W  are the 
height and width of the inputs, respectively. A convolutional 
encoder is used to extract rich local 3D contextual features, 
and then 3D Swin blocks are constructed to model the 
long-range dependencies of the extracted feature maps.

Convolutional encoder
The convolution encoder is stacked by 3 3 3× ×  convolution 
blocks and downsampled by using a convolution with a step 
size of 2. Specifically, we construct a five-stage encoder, 
each stage comprises two convolution blocks through the 
GroupNorm + ReLu + 3D Conv structure. The encoder 
gradually encodes each modal image into a low-resolution 

feature map with local context 16 16 16
D H WCL local

mF
× × ×− ∈ℜ , [ ]1,m M∈ ,  

where , ,
16 16 16
D H D 

 
 

 is 1/16 of the input spatial resolution H ,  

W , and depth dimension D ; M  is the number of modal 
images. The channel dimension C  and the number of stages 
L  in the encoder are set to 128 and 5, respectively.

3D Swin block 
Traditional CNNs can accurately segment brain tumors in 
local MRI images, but this method may not perform well 
for challenges such as artifacts that may exist in brain tumor 
MRI images. For dense prediction tasks such as brain tumor 
segmentation, it is crucial to consider both local and global 
information. CNNs excel in extracting local information, 
but they have limited capability in extracting global 
information. Relying solely on local information may not 
effectively solve some of the complex problems mentioned 
above. Several studies have confirmed that incorporating 
global information can enhance the model’s ability to 
capture correlations among different parts of the image 
and help improve the segmentation effect (17,46). CNN 
and Transformers are 2 mainstream architectures. CNN is 
proficient at extracting local features through convolutional 
operations, but its limited receptive field hinders its ability 
to capture global representations. Based on the shift 
window mechanism, Swin Transformer retains the powerful 
global information extraction ability of the Transformer. It 

offers the potential to address the aforementioned issues by 
efficiently processing information that deserves attention 
through the self-attention mechanism. Therefore, to 
address the challenge posed by the convolutional encoder’s 
inability to capture long-range dependencies within each 
modality, we proposed a 3D Swin block inspired by the 
module design in the Swin Transformer (19). This block 
incorporates a multi-head self-attention (MSA) mechanism 
to facilitate effective long-range context modeling, thereby 
enhancing the model’s capacity to comprehend and process 
global information. The main difference is that we extend 
the Swin Transformer block to 3D structures. An important 
factor limiting the Transformer (16) structure’s application 
in medical image tasks is the consumption of excessive 
computational resources and storage space when an entire 
image is converted into a sequence for self-attention 
computation. Consequently, inefficiency and performance 
degradation ensue. Conversely, Swin Transformer (19) 
is a method of calculating self-attention within a local 
window based on a shifted window, which greatly reduces 
the number of parameters while showing better feature-
learning ability. The structure of the 3D Swin block is 
shown in Figure 3. It consists of 2 basic units, and each 
subunit comprises a LayerNorm layer, an attention module, 
a LayerNorm layer, and an MLP module. The first subunit 
uses the 3D windowed multi-head self-attention (3D 
W-MSA) module, whereas the second one uses the 3D 
shifted window multi-head self-attention mechanism (3D 
SW-MSA) module.

The 3D Swin block processes embeddings in a sequence-
to-sequence manner based on an attention mechanism. The 
linear embedding layer is responsible for converting the 

local feature map L local
mF −  generated by the convolutional 

encoder into non-overlapping patches. Each patch is 
considered a “token”. Subsequently, the patches are mapped 
to C  ( C  is set to 512) dimensional vectors. For efficient 
modeling, we propose to compute self-attention within a 
local window. By arranging the windows, the input feature 
maps are evenly divided in a non-overlapping manner. 
Assuming that each window contains M M M× ×  patches, the 
standard multi-head self-attention computation is performed 
separately for each window. In the computation of W-MSA, 
information exchange is lacking due to the non-overlapping 
windows being unconnected to one another, which limits its 
modeling capability. To solve this problem, cross-window 
connectivity is introduced to transfer information among 
neighboring windows in SW-MSA while maintaining 
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effective computation in non-overlapping windows. In SW-
MSA, the 8 8 8× ×  feature map is uniformly partitioned 
into 2 2 2× ×  windows of size ( )4 4 4 4M× × = . First, MSA 
calculation is performed on each window. Second, the shift 
window mechanism is used to realize the communication 
between windows to achieve the effect of global modeling. 
Through the above operations, information exchange 
between windows can be realized. We used W-MSA and 
SW-MSA alternately to achieve cross-window connection. 
Under the shift structure, the entire calculation process of 
3D Swin Block is as follows:

( )( )1 1ˆ 3L L LZ DW MSA LN Z Z− −= − + 	 [1]

( )( )ˆ ˆL L LZ MLP LN Z Z= + 	 [2]

( )( )1ˆ 3L L LZ DSW MSA LN Z Z+ = − + 	 [3]

( )( )1 1 1ˆ ˆL L LZ MLP LN Z Z+ + += + 	 [4]

where L  denotes the block layer; ˆ LZ  and 1ˆ LZ +  denote the 
output features of the (S)W-MSA module and the MLP 
module, respectively. As described above, 3D Swin block 
can effectively extract global and long-range dependencies 
through the self-attention mechanism and generates 
the feature maps global

mF  with global context within each 

modality through 3D Swin blocks. The W-MSA module 
and the SW-MSA module primarily comprise the multi-
head self-attention mechanism and the trainable relative 
position encoding. The specific formula is shown in Eq. [5]:

( ), ,
T

k

QKAttention Q K V Softmax B V
d

 
= +  

 
	 [5]

where Q , K , and V  are the query, key, and value, respectively; 

kd  is the dimension of the key; and B  is the learnable 
relative position encoding.

Fusion stage

According to the clinical knowledge of radiologists 
diagnosing brain tumors from multiple MRI modalities, 
a strong structural correlation is known to exist between 
imaging modalities (47). The T1 and T1ce modalities are 
usually paired to detect the tumor core region, and the 
FLAIR and T2 modalities are often interpreted jointly. 
Therefore, a relatively strong correlation may exist between 
these 2 pairs of modalities. In the fusion stage, we consider 
T1, T1ce as 1 modality (T1-T1ce) and FLAIR, T2 as the 
other modality (FLAIR-T2) because the difference between 
them is very small (48). We cascade the embeddings from 
modality-specific encoders into input multimodal tokens by 
combining them 2-by-2 based on the correlation between 
the modalities, defined respectively as follows:

2 2- 2 ,token global global
Flair Flair T TFLAIR T F Fδ δ =   	 [6]

1 1 1 11- 1 ,token global global
T ce T ce T TT T ce F Fδ δ =   	 [7]

where ( ),⋅ ⋅  indicates the concatenation operation. During 

training, we randomly set mδ  to 0 to simulate the missing 

modality. In case of missing modalities, the token for the 
missing modalities is replaced by a zero vector.

Figure 3 The structure of 3D Swin block. MLP, multi-layer 
perceptron; 3D W-MSA, 3D windowed multi-head self-attention; 
3D SW-MSA, 3D shifted window multi-head self-attention 
mechanism; 3D, three-dimensional.
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Figure 4 The structure of CMAF Module. It consists of fusion block1 and fusion block2. CMAF, cross-modal attention fusion; V, value; K, 
key; Q, query; Conv Proj, convolutional projection; FLAIR, fluid-attenuated inversion recovery; T2, T2-weighted; T1, T1-weighted; T1ce, 
contrast-enhanced T1-weighted; FFN, feed forward network; MHA, multi-head attention.
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Multimodal data, which offer a more comprehensive 
understanding of information than any single modality alone, 
often encounter the challenge of incomplete modalities. 
Therefore, the effective integration of these multimodal 
data has become a crucial concern, particularly in scenarios 
where modalities are incomplete. Multimodal data fusion 
can make full use of the complementary information among 
multiple modal data to improve the segmentation accuracy. 
Accordingly, we propose a new cross-attention-based fusion 
mechanism, called CMAF module, which can fully model 
the correlation between multimodal data and handle the case 
of missing modalities by fusing multimodal features to learn 
modality-invariant shared representations. The motivation 
behind the CMAF module is to mine the complementary 
information between multimodal data to stably establish 
long-range dependency across modalities while learning 
from incomplete modalities more flexibly. The CMAF 
module is described in detail below.

CMAF module
The CMAF module first receives the features of 2 different 
modalities and subsequently fuses the features of the 2 
modalities by cross-attention. As shown in Figure 4, the 
CMAF module comprises 2 fusion blocks. Fusion block 1 

fuses the features of T1-T1ce into FLAIR-T2. Fusion block 
2 fuses FLAIR-T2 to T1-T1ce. In the interactive fusion 
of available modality information, we use the principle of 
cross-attention (49) to realize the information interaction 
among different modalities. We have used fusion block 
1 as an example for illustration. We initially use linear 
transformation to map the features of T1-T1ce to Q  (query) 
vectors followed by the features of FLAIR and T2 to K  (key) 
and V  (value) vectors. The input triple ( )Query,Key,Value  of 
cross-attention is calculated as follows:

1- 1 ,

- 2 ,
- 2

token
q

token
k

token
v

Q T T ce W

K FLAIR T W
V FLAIR T W

=

=

=

	 [8]

where qW , kW , and vW  are the weight matrix. For Q  from 
1- 1T T ce , it fuses cross-modal information by attention 

weighting with K  and V  from - 2FLAIR T  while retaining 
1- 1T T ce  modality-specific information through residual 

connections, and vice versa. In other words, cross-attention 
highlights similar features between the 2 modalities by 
establishing correlations between them. Considering that 
these features can be extracted from both modality data, 
they should have high confidence (29) and are important for 
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representing correlation and shared information between 
modalities. Given a token sequence from 2 different 
modality images, the cross-attention (CA) is denoted as 
follows:

( )1- 1 , - 2
T

token token QKCA T T ce FLAIR T Softmax V
d

 
=  

 
	 [9]

( )1 1- 1 , - 2 1- 1token token tokeny CA T T ce FLAIR T T T ce= + 	 [10]

w h e r e  - 2tokenFLAIR T  d e n o t e s  t h e  f e a t u r e s  o f  FLAIR  
and 2T ,  1- 1 tokenT T ce  denotes the features of 1T  and 

1T ce , 1y  denotes the output of fusion block 1, and 

( )1- 1 , - 2token tokenCA T T ce FLAIR T  denotes cross-attention.

Decoder stage

In the decoder stage, we first cascade the outputs 1y  and 2y  
from the two fusion blocks of the fusion stage. This process 
can be expressed as follows:

( )1 2,globalF Concat y y= 	 [11]

where 1y  and 2y  denote the fused deep features of CMAF 
module output, respectively, and ( )Concat ⋅  represents the 
concatenation of channel dimensions.

To enhance the accuracy and robustness of the proposed 
model, we developed 2 independent self-attention 
modules during the decoding stage: the channel attention 
module (CAM) and the spatial attention module (SAM). 
These modules were designed to specifically address 
channel characteristics and spatial location dependencies, 
respectively. CAM and SAM can strengthen inter-channel 
relationships and obtain a more comprehensive contextual 
representation. For example, the literature (50) introduced 
an innovative attention mechanism that seamlessly 
integrates features from 2 different perspectives: modal 
and spatial, for the purpose of multimodal fusion. This 
innovative fusion approach has been shown to be highly 
effective across a range of tasks.

The decoder adopts a structure symmetric to the 
encoder, and the function of the convolutional decoder is 
to perform an upsampling operation on the fused feature 
representations to recover the spatial resolution of the 
feature map for final pixel-level classification. The output 

sequence globalF  of the fusion stage is reshaped into a high-
level 4D feature map corresponding with the size before 
flattening. To obtain spatially detailed features that enrich 
the available modalities, we progressively cascade the feature 

maps obtained at each level of the encoder for different 
modalities and use skip connection to fuse the encoder and 
decoder features for finer segmentation. To obtain a more 
comprehensive representation of shared features and to 
fully utilize the information between multiple modalities, 
a CAM is used to integrate low-level multimodal features. 
Each channel map is regarded as a modality-specific feature 
map, with features from different modalities interacting and 
correlating with each other, which means that the network 
can better understand the correlations between different 
modalities, thus improving the representation of shared 
feature maps for tumor regions. To model the interaction of 
multilevel features, low-level shared features from the CAM 
are downsampled with higher-level multimodal features 
cascaded to the decoder for brain tumor segmentation. 
Meanwhile, the multimodal fusion features globalF  from the 
fusion stage are cascaded with the previous level of shared 
features learned by the channel self-attention module. 
The SAM is then used to model the long-range spatial 
relationships of the higher-level features.

Loss function

The performance and robustness of the model can be 
improved by using a joint loss function. Cross-entropy 
loss function is a basic loss function for medical image 
segmentation. However, the cross-entropy loss function 
does not easily deal with category imbalance. Dice loss is 
used to evaluate the overlap between the predictions and 
the ground truth, which can reduce the effect of category 
imbalance. Therefore, for end-to-end training of the entire 
network, we use a loss that is the sum of the cross-entropy 

crossL  and the dice loss function diceL . This loss can be 
formulated as follows:

dice crossL L L= + 	 [12]

( )
1 1

1 1

1 2
C N

ij iji j
dice C N

ij iji j

p g
L

P g

ε

ε
= =

= =

+
= −

+ +

∑ ∑
∑ ∑

	 [13]

( ) ( )( )logcross l lx
L g x p x= −∑ 	 [14]

where N  is the number of samples, C  is the number of 
segmentation classes, ijP  is the predicted probability that 
pixel i  belongs to tumor class j , ijg  is the actual probability 
that pixel i  belongs to tumor class j , ε  is a small constant 
to avoid being divided by 0, ( )lp x  is the estimated 

probability that pixel x  belongs to class l , and ( )lg x  is the 
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truth label of pixel x .

Hyperparameters selection

This subsection describes the hyperparameter settings 
chosen to produce efficient results. We selected the 
hyperparameters for model training after extensive 
experimentation. Table 1 lists the hyperparameters used for 
the training of the CMAF-Net model, where the learning 
rate is tuned smaller to fit the other hyperparameters. 
AdamW (27) can help the model converge faster. A batch 
size of 1 reduces the demand for computational resources.

We chose AdamW (27) as the optimizer to achieve the best 
loss reduction during the training process. This optimization 
technique has an adaptive learning rate and weight decay 
mechanism, which can improve the model performance by 
automatically adjusting the learning rate and controlling the 
model complexity according to the different conditions of 
the parameters during the training process. As opposed to 
other optimization techniques (e.g., Sgdm or RMSprop), we 
choose AdamW because of its easy implementation, efficient 
memory utilization and faster learning rate. Recently, 
AdamW has shown excellent performance in deep learning 
applications such as medical image analysis (51).

Results

We briefly describe herein the dataset and evaluation 
metrics used for the experiments and then present a 
description of the implementation details. We demonstrate 
the effectiveness of our proposed CMAF-Net method by 
comparing it with other state-of-the-art methods on the 
Brain Tumor Segmentation Challenge (BraTS) datasets. 
Ablation experiments are performed to evaluate the 
effectiveness of each component of our CMAF-Net.

Datasets and evaluation metric

Datasets
We evaluated our CMAF-Net on the publicly available 
brain tumor segmentation datasets BraTS 2018 and BraTS 
2020. BraTS 2018 and 2020 contain 285 and 369 annotated 
brain tumor samples, respectively. Each case contains 4 
aligned modalities including FLAIR, T1, T1ce, and T2, 
as well as expert manually segmented labeled images. 
The ground-truth labels provided by BraTS include 
enhanced tumor (ET), edema (ED), necrosis, and non-
enhancing tumor core (NCR/NET) regions. Each modality 
is 240×240×155 in size and has been skull stripped, co-
registered, and resampled to a resolution of 1 mm3. To 
provide a fair comparison, we divided the 285 case samples 
in the BraTS 2018 dataset into 190 cases as the training set 
and the other 95 cases as the validation set using the same 
split list as in (41), and we conducted experiments using  
3-fold cross-validation. Regarding the BRATS 2020 dataset 
containing 369 training samples, we divided the dataset 
according to the ratio 220:74:75 (training/validation/testing) 
in (36). We compared our method with other methods on 2 
datasets. In addition, as BraTS 2020 has a larger dataset size 
compared with BraTS 2018, our ablation experiments were 
mainly conducted on this dataset in this study. 

Evaluation metrics
In our experiments, we used Dice similarity coefficient (DSC) 
and Hausdorff distance, which are commonly used in brain 
tumor segmentation research, to evaluate the segmentation 
results. The DSC showed the similarity between the 
prediction results and the ground truth. A higher value of 
DSC corresponded with a better segmentation results. The 
calculation formula of DSC is as follows:

2 P T
DSC

P T
∩

=
+

	 [15]

where P  is the prediction result of the model, and T  is the 
ground-truth label.

The Hausdorff distance metric is a measure of boundary 
similarity to evaluate the distance between model prediction 
region and ground truth region. The lower the value 
of Hausdorff distance, the better the predicted mask. 
Hausdorff distance is defined as:

( ) ( ){ }min minmax sup , ,sup ,p P g Gd g p d p gHausdorff distance ∈∂ ∈∂= 	[16]

where P∂  and G∂  denote the tumor boundary point sets of 
the network prediction and the ground truth, respectively, 

Table 1 Hyperparameters of the proposed CMAF-Net model

Hyperparameters Values

Optimizer AdamW

Epochs 800

Batchsize 1

Initial learning rate 1e−4

Weight decay 1e−5

CMAF-Net, cross-modal attention fusion based deep neural 
network.
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and ( )min ,d g p  indicates the minimum Euclidean distances 
between voxel g and voxels in a set P .

Implementation details

Our CMAF-Net was implemented on the PyTorch 
framework by using an Nvidia RTX 3090 (Nvidia, Santa 
Clara, CA, USA). We used 3D U-Net (13) as the backbone 
network for CMAF-Net. During model training, the 
AdamW optimizer (27) was used for optimization with an 
initial learning rate of 0.0001. The input image size was 
128×128×128 voxels, the batch size was set to 1, and the 
number of training times was 800 epochs. A simple data 
enhancement strategy including random rotation, cropping, 
and random flipping was used. Following (42), we utilized 
a modality missing mask to discard modality and simulate 
various missing modalities scenarios. During the training 
process, we randomly set some modalities as zero matrices 
to simulate the case of missing modalities (41). In the 
testing phase, for the case of missing modalities, we set the 
missing modalities as zero vectors.

Comparison with state-of-the-art methods on incomplete 
MRI data

We performed a series of comparative experiments on 
the BraTS 2018 and BraTS 2020 datasets to demonstrate 
the effectiveness of our proposed method. In Section 
(Comparison on BRATS 2020), we compare our method 
with other state-of-the-art brain tumor segmentation 
methods with missing modalities. In Section (Comparison 
on BRATS 2018), we compare our method with state-of-
the-art full-modality methods.

Comparison on BRATS 2020
To evaluate the effectiveness of our proposed approach, we 
compared our proposed CMAF-Net with several SOTA 
models. These models include 2 representative models 
U-HeMIS (40) and U-HVED (41) that learn shared 
feature representations in the latent space, DIGEST (36), 
D2-Net (37), and GSS (38) that are based on teacher-
student distillation framework, RFNet (43) based on CNN, 
and mmFormer (42) based on Transformer. For a fair 
comparison, we used the same data split (36) and reference 
the results directly. At the same time, we reproduced the 
results of mmFormer (42) on our data split by running the 
author’s code. Table 2 shows the quantitative results of all 
methods on the BraTS 2020 dataset for 15 different missing 

MRI modalities. Table 2 shows that the average results of our 
method in most missing modality cases outperform those 
of the previous methods. Our method achieves the highest 
values for the average DSC metrics in the 3 nested tumor 
regions, namely, 87.9%, 81.8%, and 64.3%, respectively. 
Notably, in the difficult-to-segment tumor core region, our 
method outperformed other methods on most subsets of 
missing modalities. This further supported the effectiveness 
of CMAF-Net for richer cross-modal information learning, 
which is more conducive to dealing with cases with missing 
modalities. Our CMAF-Net performed better in almost all 
cases where 2 or 3 modalities were missing. Moreover, on 
tumor segmentation with only 1 available modality, Dice was 
improved by 12.1% on average. This finding suggests that 
the proposed CMAF-Net can successfully learn potential 
shared feature representations for brain tumor segmentation, 
showing the effectiveness and robustness of the proposed 
model. Figure 5 provides a visual representation in the form 
of a bar graph, comparing the segmentation results predicted 
by our network and other methods on the BraTS 2020 
dataset. It is illustrated that our method achieved outstanding 
segmentation performance on this dataset. For qualitative 
analysis, Figure 6 compares the segmentation results of our 
method with existing ones (40), (41), and (42) for a different 
number of missing modalities from the same patient. We can 
see that our method produced more accurate segmentation 
results in most of the cases and especially performs more 
clearly with stronger generalization ability when only 1 
modality was available.

To evaluate the robustness of our model to missing 
modalities, we randomly selected several cases from the 
BraTS 2020 dataset. The segmentation results in the 
case of missing modalities are shown in Figure 7. With 
increased number of missing modalities, the segmentation 
results progressively deteriorated; however, the decline 
was not sudden and sharp, so we can still obtain a good 
segmentation result. Furthermore, even with only 1 FLAIR 
modality available, our CMAF-Net was able to segment the 
brain tumor appropriately.

Comparison on BRATS 2018
To further evaluate the proposed method, we also compared 
the segmentation performance with the state-of-the-
art methods using 3-fold cross-validation on the BraTS 
2018 dataset. The comparison results are shown in Table 
3. From Table 3, we can see that our proposed model 
obtained the best average DSC in all 3 tumor regions 
compared to other methods. Our method outperformed 
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Table 2 Comparison with different methods such as U-HeMIS (40), U-HVED (41), DIGEST (36), D2-Net (37), mmFormer (42), RFNet (43), and GSS (38) on the 

BraTS 2020 dataset

Methods
Type: FLAIR/T1/T1c/T2

AVG
○/○/○/● ○/○/●/○ ○/●/○/○ ●/○/○/○ ○/○/●/● ○/●/●/○ ●/●/○/○ ○/●/○/● ●/○/○/● ●/○/●/○ ●/●/●/○ ●/●/○/● ●/○/●/● ○/●/●/● ●/●/●/●

WT

U-HeMIS 76.7 65.2 58.8 79.6 81.1 69.8 83.2 79.2 85.4 85.2 86.4 86.9 87.9 83.1 88.5 79.8

U-HVED 80.9 65.4 83.5* 83.5 83.5 69.7 84.3 81.7 87.6 86.5 86.7 88.2 89.2 84.0 89.2 82.9

DIGEST 78.6 74.4 68.6 84.2 85.5 77.6 85.8 84.3 87.8 88.6 88.5 88.8 89.7 86.0 90.2 83.9

D2-Net 77.8 65.5 46.6 81.3 82.0 76.5 83.8 80.4 86.2 85.0 88.1 89.0 89.2 82.5 89.4 80.2

mmFormer 85.8 78.1 79.2 85.8 87.5 80.7 88.1 87.4 89.9 89.3 89.7 89.8 90.2 88.0 90.1 86.6

RFNet 86.1 78.5 79.7 86.3 87.9 81.4 89.0 88.2 89.7 89.9 90.0 90.0 90.4 88.2 90.3 87.0

GSS 86.6 78.8 80.3 86.5 88.1 82.0 89.5 87.9 90.0 89.7 90.1 90.2 90.0 88.5 90.4 87.2

Ours 86.9* 81.0* 81.4 88.3* 88.4* 83.1* 89.9* 88.3* 90.2* 90.1* 90.4* 90.4* 90.8* 88.8* 90.9* 87.9*

TC

U-HeMIS 50.7 68.3 38.9 51.6 74.6 70.8 55.9 52.7 59.6 73.4 74.6 60.7 76.8 76.1 77.1 64.1

U-HVED 57.9 70.7 53.8 53.8 79.5 73.2 55.7 59.2 62.7 76.7 77.0 63.4 80.1 79.7 80.2 68.2

DIGEST 60.1 83.3 54.5 60.4 87.1 84.1 65.0 63.8 67.8 86.1 85.6 67.5 87.2 86.1 87.0* 75.0

D2-Net 58.8 71.4 43.2 55.5 82.6 79.3 58.6 62.7 68.5 79.7 79.2 65.0 82.2 83.1 81.6 70.1

mmFormer 74.2 86.2 69.6 68.0 87.5 86.3 73.4 75.8 75.9 86.3 86.4 76.2 87.1 87.0 86.5 80.4

RFNet 74.0 86.5 69.8 68.3 87.6* 86.2 73.5 75.6 76.4 86.7 86.6 76.4 87.4* 87.2 86.9 80.6

GSS 74.8 85.8 71.6 71.4 86.5 86.1 75.0 75.4 76.6 86.4 86.8 77.3 87.0 86.7 85.7 80.9

Ours 76.0* 86.6* 72.1* 75.4* 87.4 87.0* 76.3* 76.2* 77.1* 87.5* 87.2* 77.6* 86.7 87.6* 86.8 81.8*

ET

U-HeMIS 21.2 66.2 13.1 26.5 71.8 68.2 28.4 25.3 20.8 71.6 74.1 33.0 72.9 72.5 73.4 49.3

U-HVED 31.0 66.3 22.5 22.5 72.6 68.1 20.4 30.5 34.6 72.6 72.7 32.7 73.7 72.5 73.6 51.1

DIGEST 39.1 78.3* 35.1 39.8 81.0 79.6 42.9 42.4 44.6 78.7 77.7 45.5 80.3* 82.3* 81.2* 61.9

D2-Net 20.8 72.5 19.4 21.2 76.7 72.2 25.6 27.5 29.1 70.2 73.3 31.7 70.8 71.6 72.8 50.4

mmFormer 44.9 75.9 40.4 42.2 77.2 77.2 45.3 47.2 49.4 77.0 77.0 49.9 76.6 78.5 76.5 62.3

RFNet 45.0 76.3 41.2 42.4 78.0 77.5 46.1 47.8 48.7 77.6 77.2 50.0 76.8 78.7 76.9 62.7

GSS 45.7 77.0 42.3 42.8 79.3 77.6 47.3 48.9 48.5 77.8 77.4 50.2 77.1 78.5 78.3 63.2

Ours 46.9* 77.6 44.0* 44.9* 81.2* 79.8* 48.1* 49.8* 50.8* 78.8* 77.8* 51.3* 77.6 78.1 77.8 64.3*

The results reported in the table are the DSC for the different missing sceneries. The higher the DSC value, the better the results. ○ and ● indicate the 

missing and available modalities, respectively. *, the best results. AVG denotes the average results on one target region across all the situations. FLAIR, fluid 

attenuated inversion recovery; T1, T1-weighted; T1ce, contrast-enhanced T1-weighted; T2, T2-weighted; WT, whole tumor; TC, tumor core; ET, enhancing 

tumor; DSC, dice similarity coefficient.

the current state-of-the-art method, GSS (38), with average 
DSC increases of 1.6%, 0.5%, and 0.6% in the WT, TC, 
and ET regions, respectively. Moreover, our proposed 
method outperformed the compared methods in most of 
the modal combinations on BRATS 2018, indicating the 
effectiveness of our proposed method. Since our goal was 

to also help with segmentation in the absence of modalities, 
we also compared the results of different numbers of 
modalities as input with state-of-the-art methods, namely 
U-HeMIS (40), U-HVED (41), DIGEST (36), D2-Net (37),  
mmFormer (42), RFNet (43), and GSS (38). The results are 
shown in Table 4. It can be seen that the proposed method 
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is robust and superior to up-to-date approaches GSS (38),  
regardless of using 1, 2, 3, or 4 modalities as input. 
With the increase of the number of missing modalities, 
the improvement of CMAF-Net was more impressive. 
These results demonstrate the effectiveness of CMAF-
Net in incomplete brain tumor segmentation. In Figure 8,  
our method is compared with other methods on the BraTS 
2018 dataset using boxplots of DSC obtained from the 
segmentation results of 15 missing modality cases and 
histograms generated from average results. The figure 
illustrates the characterization of the distribution of the 
segmentation results of the different methods for various 
modality missing cases.

In addition, we also compare the Hausdorff Distance of 
our proposed method with other methods on both datasets, 
as shown in Table 5. Compared to other methods, CMAF-
Net achieves optimal performance on Hausdorff Distance. 
The results of the Hausdorff Distance evaluation indicate 
that each region’s boundary is segmented more accurately.

Comparison with the state-of-the-art methods on full 
modalities

To explore the performance of our model on full modalities, 
we also compared it with the recent state-of-the-art 
3D U-Net (13), Attention U-Net (14), TransBTS (17),  
F2Net (30), and Swin-UNETR (20) on multimodal 
brain tumor segmentation with full MRI modalities. The 
hyperparameters of all experiments are almost identical. We 

reproduced the results by using the official codebase. The 
results of the different methods are compared in Table 6.  
Our method achieved the best results in terms of average 
Dice scores and average Hausdorff distance for all tumor 
regions segmented. These results show that our multimodal 
representation of CMAF-Net learning is robust to missing 
modalities and effective for full modalities.

Ablation study

In this section, by adding different components individually 
to the baseline model, we conducted a comprehensive 
ablation experiment to evaluate the effectiveness of each 
component in CMAF-Net. The baseline was the proposed 
method without using the 3D Swin module, the CMAF 
module, and the hybrid attention module. We present in 
Table 7 the quantitative results of the average DSC of the 
3 variants with CMAF-Net over all possible subsets of the 
input modalities. When the 3D Swin module was applied 
to the baseline, the DSCs of ET, WT, and TC increased 
by 1.8%, 0.7%, and 0.7%, respectively. The above results 
show that the proposed 3D Swin block can significantly 
improve the segmentation performance, which is attributed 
to the fact that the 3D Swin block can model long-range 
dependencies and learn global and detailed features. On the 
basis of the above architecture, the CMAF block was further 
introduced into the network. The results showed that the 
DSC is improved in all 3 tumor regions. This finding can 
be explained by the fact that CMAF further improves the 
feature learning ability of the model by fully integrating the 
complementary information among different modalities 
and establishing long-range dependencies among them. 
Additionally, a complete segmentation network model was 
constructed by adding hybrid attention modules (SAM and 
CAM). The segmentation accuracy was found to further 
improve, resulting in a 1.1% increase in the average DSC. 
We effectively demonstrated that SAM can learn the 
importance of different spatial regions, thereby enhancing 
the feature representation. CAM can increase the network’s 
attention to key features to further improve the results. 
As a result, the proposed CMAF-Net shows significant 
improvement in DSC for all 3 types of tumor regions 
compared with the baseline, showing that each module 
contributes to the performance improvement. In order to 
verify the contribution of each term in our proposed joint 
loss function, we compared the performance differences 
of CMAF-Net using different loss functions. It was found 
that the loss function of CMAF-Net removed any item 

Figure 5 Bar graph of the DSC of comparison experiments on the 
BraTS 2020 dataset. Error bars show standard error. DSC, dice 
similarity coefficient; ET, enhancing tumor; TC, tumor core; WT, 
whole tumor. 
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Figure 6 Comparison of segmentation results on four cases of missing modalities: complete modalities; FLAIR, T1ce, T2; FLAIR, T1ce; 
T1ce. From the left to right are 4 MRI modalities: T1, T2, FLAIR, and T1ce; the fifth column presents the ground truth of 2 patients, the 
sixth to eighth columns show the results of the state-of-the-art methods, and the rightmost column shows our segmentation results. T2, T2-
weighted; FLAIR, fluid-attenuated inversion recovery; T1ce, contrast-enhanced T1-weighted; T1, T1-weighted; GT, ground truth; MRI, 
magnetic resonance imaging.
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Figure 7 Examples of the segmentation results of CMAF-Net with various available modalities. FLAIR, fluid-attenuated inversion recovery; 
T1ce, contrast-enhanced T1-weighted; T2, T2-weighted; T1, T1-weighted; CMAF-Net, cross-modal attention fusion based deep neural 
network.

FLAIR modality FLAIR + T1ce + T2 + T1 FLAIR + T1ceGround truth FLAIR + T1ce + T2 FLAIR

will reduce the segmentation performance of the model. 
The quantitative evaluation shown in Table 8 verifies the 
effectiveness of the joint loss function proposed in this 
paper.

In order to demonstrate the effectiveness of each 
module in the proposed model on the segmentation results,  
Figure 9 shows the visualization of the segmentation results 
we obtained using different models under the four available 
modal combinations. Compared with the baseline model, 
it is clearly shown that the segmentation performance can 
be improved by adding the proposed modules, making 
the segmentation results of our CMAF-Net closer to the 
ground truth. To show the distribution characteristics of the 
segmentation results of the 4 methods, Figure 10 shows the 
ablation experimental results of different modules in 75 test 
samples, and the DSC are represented by boxplots and a 
bar graph. It can be seen from the figure that the proposed 
CMAF-Net presents fewer outliers, indicating that it has 

high stability and consistency. 

Discussion

Brain tumor segmentation is an important step in the 
clinical diagnosis and development of treatment plans. It 
can provide a reference for assisted diagnosis and surgical 
planning. The brain tumor segmentation of multimodal 
MRI images using deep learning methods has great 
potential and excellent performance. However, in the 
actual clinical data acquisition, due to various reasons such 
as equipment failure, data corruption, and human error, 
the final collected data often have different degrees of 
missing modality. Consequently, performance degradation 
of existing multimodal MRI brain tumor segmentation 
methods occurs. To solve the above problems, we propose in 
this work a brain tumor segmentation network CMAF-Net 
based on CMAF by using incomplete multimodal MRI data. 
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Table 3 Comparison with different methods such as U-HeMIS (40), U-HVED (41), DIGEST (36), D2-Net (37), mmFormer (42), RFNet (43) and GSS (38) on the 

BraTS 2018 dataset

Methods
Type: FLAIR/T1/T1c/T2

AVG
○/○/○/● ○/○/●/○ ○/●/○/○ ●/○/○/○ ○/○/●/● ○/●/●/○ ●/●/○/○ ○/●/○/● ●/○/○/● ●/○/●/○ ●/●/●/○ ●/●/○/● ●/○/●/● ○/●/●/● ●/●/●/●

WT

U-HeMIS 80.9 61.5 57.6 52.4 82.4 68.4 64.6 82.4 82.9 68.9 72.3 83.4 83.8 83.9 84.7 74.0

U-HVED 79.8 53.6 49.5 84.3 81.3 64.2 85.7 81.5 87.5 85.9 86.7 88.0 88.0 82.3 88.4 79.1

DIGEST 80.4 77.2 61.6 84.5 83.6 70.8 86.9 83.3 88.8 86.4 87.0 88.7 89.4 83.4 89.9 82.8

D2-Net 76.3 42.8 15.5 84.2 84.1 62.1 87.3 80.1 87.9 87.5 87.7 88.4 88.8 80.9 88.8 76.2

mmFormer 84.5 74.1 72.0 86.2 86.3 77.0 87.1 85.6 89.0 87.9 88.5 89.3 89.8 86.7 90.0 84.9

RFNet 85.1 73.6 74.8 85.8 85.6 77.5 87.4 86.7 89.2 88.7 88.9 89.4 90.0 86.9 90.1 85.3

GSS 85.7 75.8 75.4 86.7 86.9 78.5 88.1 87.0 89.3 89.2 89.4 89.7 90.2 87.7 90.2 86.0

Ours 86.9* 81.8* 80.9* 87.9* 88.2* 83.3* 89.2* 87.9* 89.6* 89.6* 89.8* 89.8* 90.4* 88.5* 90.4* 87.6*

TC

U-HeMIS 57.2 65.2 37.3 26.0 76.6 72.4 41.1 60.9 57.6 71.4 76.0 60.3 77.5 78.9 79.4 62.5

U-HVED 54.6 59.5 33.9 57.9 73.9 67.5 61.1 56.2 62.7 75.0 77.0 63.1 76.7 75.2 77.7 64.8

DIGEST 61.3 78.7 60.6 62.5 81.4 75.8 69.6 64.2 71.1 79.4 78.3 65.5 83.5 82.6 81.8 73.1

D2-Net 56.7 65.1 16.8 47.3 80.3 78.2 61.6 63.2 62.6 80.8 80.9 63.7 80.7 79.0 80.1 66.5

mmFormer 70.5 82.1 68.7 68.3 83.0 82.1 72.4 73.4 72.5 83.1 82.9 73.8 83.0 82.8 82.6 77.4

RFNet 70.7 82.4 69.2 68.9 83.2 82.7 73.1 73.8 73.7 82.7 82.7 74.6 83.2 83.3 83.1 77.8

GSS 71.2 82.8 70.4 73.6* 82.8 83.0 74.0 74.4 74.1 83.0 82.9 75.7 83.6 83.5 83.4 78.6

Ours 73.5* 83.1* 71.5* 72.5 83.5* 83.2* 75.2* 75.3* 75.2* 83.2* 83.1* 76.2* 83.9* 83.7* 83.6* 79.1*

ET

U-HeMIS 25.6 62.0 10.1 11.7 67.8 66.2 10.7 32.3 30.2 66.1 68.5 31.0 68.7 69.9* 70.2* 46.0

U-HVED 22.8 57.6 8.6 23.8 67.8 61.1 27.9 24.2 32.3 68.3 68.6 32.3 68.9 67.7 69.0 46.8

DIGEST 32.3 62.2 33.7 32.0 68.4 68.0 38.6 40.4 39.7 67.9 68.0 37.5 68.1 69.5 67.8 52.9

D2-Net 16.0 66.3 8.1 8.1 68.5 68.0 9.5 16.5 17.4 64.8 65.7 19.4 66.4 68.3 68.4 42.1

mmFormer 36.0 65.8 35.2 32.9 67.1 67.0 37.5 41.3 39.8 66.8 67.0 40.8 67.9 67.2 68.0 53.4

RFNet 36.5 66.4 35.9 33.5 67.6 67.4 38.8 40.7 40.3 67.1 67.6 41.5 68.4 67.6 67.8 53.8

GSS 36.8 67.0 36.4 37.9* 68.0 67.7 40.9* 41.1 40.6 67.4 68.0 44.3* 68.7 68.2 68.1 54.7

Ours 37.6* 67.8* 37.2* 37.5 68.7* 68.4* 40.5 41.5* 41.8* 68.5* 68.8* 44.0 69.1* 69.0 68.5 55.3*

The results reported in the table are the DSC for the different missing sceneries. The higher the DSC value, the better the results. ○ and ● indicate the 

missing and available modalities, respectively. *, the best results. AVG denotes the average results on one target region across all the situations. FLAIR, fluid 

attenuated inversion recovery; T1, T1-weighted; T1ce, contrast-enhanced T1-weighted; T2, T2-weighted; WT, whole tumor; TC, tumor core; ET, enhancing 

tumor; DSC, dice similarity coefficient.

First, we proposed a 3D Swin block based on a shift window 
to capture long-range context information. Long-range 
context information is very important in medical image 
segmentation. When segmenting tumor tissues that are 
far away from the tumor core region and have no obvious 
tumor features, CNN-based models can lead to insufficient 

modeling of global information due to the limitation of 
receptive fields (52). Thus, the segmentation results are 
affected. Given that the convolutional operation in CNN 
can capture only local information, the Transformer model 
can better capture long-range dependencies through the 
self-attention mechanism. Compared with the traditional 
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Transformer, the 3D Swin block introduces a shift-window 

mechanism to achieve window-to-window communication. 

It reduces the amount of computation and introduces a 

locality prior, so it can be better applied to the segmentation 

task. Brain tumors are usually highly localized (53) and 

spatially variable, requiring the modeling of features at 

different scales and different locations. Therefore, applying 
3D Swin block based on shift window to the brain tumor 
segmentation task is reasonable. As shown in Table 7, 
the results of ablation experiments demonstrated that 
our proposed 3D Swin block can effectively improve the 
segmentation performance and prove its effectiveness. 
Second, we designed a cross-attention based CMAF 
module to deal with the missing modality cases by fusing 
features from different modalities to learn shared potential 
representations. It is able to adaptively learn the correlations 
between modalities and thus better capture complementary 
information. Specifically, the CMAF module can effectively 
utilize the complementarities between different modalities 
during training. Even if some modalities are missing, 
the network can still synthesize the information of other 
available modalities to infer the features of the missing 
modalities, maintaining accuracy and stability. Finally, the 
channel and spatial self-attention modules are used in the 
decoding stage to gradually aggregate multimodal and 
multilevel features and better focus on the key information 
in the feature map, thereby further improving the accuracy 
of segmentation. For the task of brain tumor image 
segmentation, the use of the attention mechanism extracts 
richer semantic information and pays more attention to the 
information of small-area brain tumors. Consequently, the 
segmentation effect of brain tumors is improved (54).

Existing methods for incomplete multimodal brain 
tumor segmentation mainly differ in their fusion strategies. 
A common approach is to calculate the mean and variance 
of each available modality and fuse the corresponding 
features with equal importance. However, this method 
may not efficiently aggregate the features of the missing 
modalities, potentially compromising the effectiveness 
of fusion. Another approach involves directly integrating 
modal features through convolution. However, the fusion 
strategy based on convolution may not be adequate for 
integrating global information due to the localized nature 
of convolution operations and the inherent bias of weight 
sharing. This limitation inevitably hinders the modeling 
of remote dependencies. In contrast, the CMAF module 
utilizes a cross-attention mechanism that is able to capture 
correlations between different modalities and interactively 
propagate information in a dynamic and learnable manner. 
In this way, global information and remote dependencies 
can be captured effectively. Therefore, introducing the 
CMAF module to supplement the global information is a 
simple solution. In the field of computer vision, multimodal 
fusion is important for joint modeling and understanding 

Table 4 Improvements of CMAF-Net upon U-HeMIS (40), 
U-HVED (41), DIGEST (36), D2-Net (37), mmFormer (42), 
RFNet (43), and GSS (38) with different numbers of input 
modalities evaluated by DSC (%)

Methods
Numbers of input modalities

1 2 3 4

WT

U-HeMIS +85.1 +78.2 +35.1 +5.7

U-HVED +70.3 +41.7 +13.5 +2.0

DIGEST +34.7 +28.0 +10.0 +0.5

D2-Net +118.7 +38.8 +12.7 +1.6

mmFormer +20.7 +14.9 +4.2 +0.4

RFNet +18.2 +12.7 +3.3 +0.3

GSS +13.9 +8.8 +1.5 +0.2

TC

U-HeMIS +114.9 +95.6 +34.2 +4.2

U-HVED +94.7 +79.2 +34.9 +5.9

DIGEST +37.5 +34.1 +17.0 +1.8

D2-Net +114.7 +48.9 +22.6 +3.5

mmFormer +11.0 +9.1 +4.4 +1.0

RFNet +9.4 +6.8 +3.1 +0.5

GSS +2.6 +4.3 +1.2 +0.2

ET

U-HeMIS +70.7 +56.1 +12.8 -1.7

U-HVED +67.3 +47.8 +11.2 -0.5

DIGEST +19.9 +6.4 +7.8 +0.7

D2-Net +81.6 +84.7 +31.1 +0.1

mmFormer +10.2 +9.9 +8.0 +0.5

RFNet +7.8 +7.5 +5.8 +0.7

GSS +2.0 +3.7 +1.7 +0.4

CMAF-Net, cross-modal attention fusion-based deep neural 
network; 3D, three-dimensional; DSC, dice similarity coefficient; 
WT, whole tumor; TC, tumor core; ET, enhancing tumor.
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Figure 8 Boxplots and bar graph of the DSC of the comparison experiment results. (A) The results for 15 cases of missing modalities. (B) 
The average results of different methods and ours. Error bars show standard error. ET, enhancing tumor; TC, tumor core; WT, whole 
tumor; DSC, dice similarity coefficient.
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Table 5 Comparison of different methods in terms of average 
Hausdorff distance on BraTS 2018 and BraTS 2020 datasets

Dataset Method
Average Hausdorff distance

ET TC WT

BraTS 2018 U-HeMIS 15.38 17.62 16.22

U-HVED 15.11 16.63 14.87

DIGEST 8.93 10.11 10.06

D2-Net 11.74 13.67 13.54

mmFormer 7.32 7.54 6.82

RFNet 7.09 7.30 6.63

GSS 6.54 6.87 5.91

Ours 5.95* 6.59* 4.38*

BraTS 2020 U-HeMIS 15.40 18.37 20.32

U-HVED 13.86 16.65 21.00

DIGEST 8.72 12.70 13.05

D2-Net 11.48 8.64 5.67

mmFormer 8.09 5.94 5.01

RFNet 7.62 6.15 4.82

GSS 6.73 5.79 4.65

Ours 4.02* 5.35* 4.21*

*, the best results. Average Hausdorff distance denotes the 
average results on 1 target region across all the situations. ET, 
enhancing tumor; TC, tumor core; WT, whole tumor. 

between images and texts. By integrating image and text 
data from multiple modalities, better image description 
generation, visual question and answer, and other tasks can 
be realized (55). Our CMAF-Net is flexible and scalable 
in processing multimodal data and solving segmentation 
tasks, where the multimodal fusion module can be easily 
adapted to other multimodal network architectures and 
research areas. This makes our approach promising for a 
wide range of applications in various fields. In addition, the 
complete training and inference process of our CMAF-Net 
is conducted in an end-to-end manner, and the method is 
generalized to handle any number of modality data, which 
can help segmentation even if some modalities are missing.

Extensive segmentation results were compared with 
other methods on incomplete and complete MRI data 
from the BraTS 2020 dataset. The results showed that our 
method solves the problem of missing modalities in brain 
tumor segmentation and obtains the feature information 
in multimodal data, thereby performing effective feature 
fusion to segment brain tumors more accurately. This 
finding fully demonstrates the effectiveness of CMAF-Net 
and the advantages of utilizing multimodal data fusion. 
Currently, the use of this method can help to segment brain 
tumors when 1 or more modalities are missing and obtain 
better segmentation results, which has great value in clinical 
practice. In actual clinical practice, doctors need to use 
image data for tumor localization and evaluation to develop 
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treatment plans (56). If the tumor segmentation model can 
provide reliable results despite missing modalities, it will 
become an important auxiliary tool for doctors and help 
them understand the patient’s condition more accurately 

to support clinical decision making. In addition, a tumor 
segmentation model that handles missing modalities can 
streamline clinical workflows and reduce the extra time and 
effort consumed by physicians dealing with missing data. 
By integrating the model into medical imaging devices 
or diagnostic software, physicians can obtain accurate 
tumor segmentation results more quickly, thereby saving 
diagnostic time and improving diagnostic accuracy. This 
integration can increase productivity by allowing physicians 
to focus more on diagnosis and treatment planning 
rather than spending a significant amount of time in the 
process of segmenting tumors. With the model’s accurate 
tumor segmentation results, doctors are able to develop 
personalized treatment plans with a clearer understanding 
of the tumor’s size, shape, location, and relationship to 
surrounding tissues. This helps to optimize surgical and 
radiotherapy protocols, monitor tumor growth, assess 
treatment efficacy, and adjust treatment strategies for 

Table 6 Comparison of full modality performance of different methods

Method
DSC (%) (mean ± SD) Hausdorff distance

WT TC ET Average WT TC ET Average

3D U-Net (13) 87.3±0.321 80.7±0.351 73.8±0.439 80.6 5.68 5.19 7.24 6.04

Attention U-Net (14) 87.8±0.265 83.4±0.323 74.8±0.404 82.0 5.37 5.49 7.07 5.98

TransBTS (17) 88.3±0.200 85.8±0.252 77.5±0.321 83.9 5.60 8.13 6.21 6.65

F2Net (30) 91.2±0.252 85.4±0.264 77.0±0.350 84.5 3.73 6.02 4.93 4.89

Swin-UNETR (20) 91.4*±0.208 86.2±0.305 76.9±0.360 84.8 3.61* 4.48 8.39 5.49

Our 90.9±0.200 86.8*±0.231 77.8*±0.265 85.2* 3.65 4.45* 6.16* 4.75*

*, the best results. Average indicates the average results of the 3 target regions. Higher DSC indicate better results, while lower Hausdorff 
distance indicate better results. DSC, dice similarity coefficient; SD, standard deviation; WT, whole tumor; TC, tumor core; ET, enhancing 
tumor; 3D, three-dimensional.

Table 7 Ablation study of critical components of CMAF-Net 

Method
Average DSC (%)

 WT TC ET Average

Baseline 85.8 77.9 60.3 74.7

Baseline + 3D Swin block 86.5 78.6 62.1 75.7

Baseline + 3D Swin block + CMAF 87.1 80.4 63.3  76.9

Baseline + 3D Swin block + CMAF + CAM 87.5 81.1 64.0  77.5

CMAF-Net 87.9* 81.8* 64.3*  78.0*

*, the best results. CMAF-Net, cross-modal attention fusion-based deep neural network; DSC, dice similarity coefficient; WT, whole tumor; 
TC, tumor core; ET, enhancing tumor; 3D, three-dimensional; CMAF, cross-modal attention fusion; CAM, channel attention module.

Table 8 Performance comparison of different loss functions in 
CMAF-Net

Loss function
Average DSC (%)

WT TC ET Average

crossL 86.8 81.4 63.8 77.3

diceL 87.4 81.1 64.0 77.5

L 87.9* 81.8* 64.3* 78.0*

*, the best results. CMAF-Net, cross-modal attention fusion-
based deep neural network; DSC, dice similarity coefficient; 
WT, whole tumor; TC, tumor core; ET, enhancing tumor; L, loss 
function; cross, the cross-entropy.  



Quantitative Imaging in Medicine and Surgery, Vol 14, No 7 July 2024 4599

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2024;14(7):4579-4604 | https://dx.doi.org/10.21037/qims-24-9

better clinical outcomes. Advances in artificial intelligence, 
especially deep learning, have enabled the development 
of automated brain tumor segmentation techniques that 
overcome manual segmentation methods reliant on heavy 
labor and subjective operator judgment. Beyond its impact 
on brain tumor segmentation, AI has broader implications 
in medical imaging. For example, AI has the potential to 
help radiologists to identify and prioritize patients with the 
most severe or complex cases (57). Additionally, compared 
to the traditional imaging workflow that heavily relies on 
human labor, AI enables more safe, accurate, and efficient 
imaging solutions (58).

However, the limitation of this method is the inability to 
recover missing modalities, and accurate clinical diagnosis 
and treatment rely on complete and accurate data. In 
future work, we will try to explore multi-task learning to 
complement the missing modalities and thus provide richer 
image information for brain tumor diagnosis. We also 
plan to extend our proposed CMAF-Net to the problem 
of segmentation of completely different modalities [e.g., 
computed tomography (CT) and MRI] and explore more 
ways to further improve the proposed method’s performance. 
At the same time, we also realize that due to the complexity 
of the model, CMAF-Net has specific limitations of 

large memory and time resource usage during training. 
Although the introduction of new modules can bring higher 
characterization capabilities to the model, it also bears the 
limitations of more parameters, difficult optimization, and 
the need for more data volume. Therefore, we will further 
optimize the model in the future while reducing memory 
consumption and making it more lightweight.

Conclusions

We have proposed an ef fect ive  CMAF-based 3D 
segmentation model CMAF-Net for incomplete multimodal 
brain tumor segmentation. It fully combines the advantages 
of CNN and Transformer structures to improve the ability 
of extracting local features and global context information. 
We also designed a cross attention-based multimodal 
feature fusion module that models long-range correlations 
between different modalities and learns modality-invariant 
shared feature representations. Ablation experiments 
validated the effectiveness of key components in CMAF-
Net. The experimental results on the BraTS 2018 and 
BraTS 2020 datasets showed that the proposed method 
achieves excellent performance and robustness in dealing 
with multimodal brain tumor segmentation with missing 

Figure 9 Visual comparison of the effects of different components of CMAF-Net in the ablation study. T1ce, contrast-enhanced T1-
weighted; T1, T1-weighted; FLAIR, fluid attenuated inversion recovery; T2, T2-weighted; 3D, three-dimensional; CMAF, cross-modal 
attention fusion; CAM, channel attention module; CMAF-Net, cross-modal attention fusion-based deep neural network; GT, ground truth.
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Figure 10 Boxplots and bar graph of the DSC of ablation experiments for different modules. (A-C) The DSC of WT, TC, and ET, 
respectively. (D) The bar chart comparison result of different components. 3D, three-dimensional; CMAF, cross-modal attention fusion; 
CAM, channel attention module; CMAF-Net, cross-modal attention fusion based deep neural network; FLAIR, fluid attenuated inversion 
recovery; T1ce, contrast-enhanced T1-weighted; T2, T2-weighted; WT, whole tumor; TC, tumor core; ET, enhancing tumor; DSC, dice 
similarity coefficient.

	 Flair	 Flair + T1ce	 Flair + T1ce + T2	 Complete

WT

	 Flair	 Flair + T1ce	 Flair + T1ce + T2	 Complete

FT

	 Flair	 Flair + T1ce	 Flair + T1ce + T2	 Complete

TC

Baseline 
Baseline + 3D Swin block 
Baseline + 3D Swin block + CMAF 
Baseline + 3D Swin block + CMAF + CAM 
CMAF-Net

100

80

60

40

20

0

100

80

60

40

20

0

100

80

60

40

100

80

60

40

20

0

D
S

C
, %

D
S

C
, %

D
S

C
, %

Baseline

Baseline + 3D 
Swin block

Baseline + 3D Swin 
block + CMAF + CAM

CMAF-Net

Baseline + 3D Swin block 
+ CMAF

	 ET	 TC	 WT

D
S

C
, %

A

C

B

D

modalities. In the future, we will continue to explore how to 
improve our multimodal model so that it can be applied to 
real-world clinical scenarios and improve the performance 
of brain tumor segmentation.
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