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A B S T R A C T

Multimodal Magnetic Resonance Imaging (MRI) can provide valuable complementary information and substan-
tially enhance the performance of brain tumor segmentation. However, it is common for certain modalities
to be absent or missing during clinical diagnosis, which can significantly impair segmentation techniques
that rely on complete modalities. Current advanced methods attempt to address this challenge by developing
shared feature representations via modal fusion to handle different missing modality situations. Considering
the importance of missing modality information in multimodal segmentation, this paper utilize a feature
reconstruction method to recover the missing information, and proposes a joint learning-based feature
reconstruction and enhancement method for incomplete modality brain tumor segmentation. The method
leverages an information learning mechanism to transfer information from the complete modality to a single
modality, enabling it to obtain complete brain tumor information, even without the support of other modalities.
Additionally, the method incorporates a module for reconstructing missing modality features, which recovers
fused features of the absent modality through utilizing the abundant potential information obtained from the
available modalities. Furthermore, the feature enhancement mechanism improves shared feature representation
by utilizing the information obtained from the missing modalities that have been reconstructed. These processes
enable the method to obtain more comprehensive information regarding brain tumors in various missing
modality circumstances, thereby enhancing the model’s robustness. The performance of the proposed model
was evaluated on BraTS datasets and compared with other deep learning algorithms using Dice similarity
scores. On the BraTS2018 dataset, the proposed algorithm achieved a Dice similarity score of 86.28%, 77.02%,
and 59.64% for whole tumors, tumor cores, and enhanced tumors, respectively. These results demonstrate the
superiority of our framework over state-of-the-art methods in missing modalities situations.
1. Introduction

Brain tumors are serious diseases that could pose a significant risk
to human health. Accurate segmentation of brain tumors has positive
implications for clinical assessment and treatment. Magnetic resonance
imaging (MRI) is a widely used technique for clinical brain tumor detec-
tion due to its ability to clearly show different areas of soft tissue lesions
with minimal invasiveness. Common MRI used for brain tumor imaging
include Fluid Attenuated Inversion Recovery (FLAIR), T1-weighted
(T1), contrast-enhanced T1-weighted (T1ce), and T2-weighted (T2).
Each modality sequence provides complementary information for an-
alyzing different regions of the tumor. Fig. 1 shows how different
modality sequences highlight different regions of the brain tumor.
FLAIR highlights the whole tumor, while T1ce highlights the tumor
core. Therefore, leveraging the complementarity of multimodal images
enhances the reliability of information acquired using a single modality
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and improves precision in clinical diagnosis and segmentation. Tradi-
tionally, clinicians manually delineate lesion regions based on clinical
experience, which is not only time-consuming but also prone to errors.
Therefore, there is an urgent need to promote the development of
automated brain tumor image segmentation techniques to improve
both the accuracy of clinical diagnosis and its efficiency.

Several brain tumor segmentation methods have been proposed
in recent years [1–8], yielding encouraging results in reducing la-
bor costs and improving efficiency. Examples of several convolutional
neural networks (CNNs) including Unet [2], Nested Unet [3], and
Attention Unet [4] have achieved satisfactory results in medical image
segmentation by utilizing convolution and pooling operations. These
CNNs make full use of the inherent properties of convolution, using
skip-join and continuous upsampling techniques to integrate low-level,
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fine-grained features in the encoder with high-level, coarse-grained
multi-layered semantic features in the decoder, thereby enhancing the
overall accuracy of segmentation. Although CNNs have remarkable
feature extraction capabilities, their limited receptive fields in con-
volutional operations hinder the explicit establishment of long-range
dependencies in the global feature space, thus limiting the network’s
ability to capture anatomical features with global contextual semantic
information. Local and global features play a crucial role in intensive
prediction tasks, particularly in 3D medical image segmentation. Trans-
formers employ self-attention mechanisms to model global information,
which have been successful in natural language processing [9] and
computer vision [10]. As a result, several recent studies have applied
Transformers to the medical image domain [11–16] to explore their
potential in improving segmentation performance. For instance, Trans-
BTS [7] explored how to effectively combine 3D-CNN and Transformer
for MRI brain tumor segmentation. Nestedformer [16] introduced a
Transformer encoder embedded with modality awareness and a CNN
decoder to segment tumor images.

While the methods discussed employ rich complementary informa-
tion from different modalities for complete brain tumor segmentation,
real clinical practice can introduce incomplete or missing data due
to the complexity of the diagnostic environment. This incompleteness
can negatively impact the segmentation performance. Thus, there is a
need to improve model robustness to accommodate missing modalities.
Currently, methods to tackle missing modalities in brain tumor images
can be grouped into three categories: (a) training methods based on
different cases of missing modalities, in which models are trained for
each missing modality case, resulting in good segmentation but are
time-consuming and resource-intensive [17–20]; (b) methods based on
missing modality generation, in which missing modalities are synthe-
sized and using the obtained complete modalities for segmentation.
However, this method involves an additional generative network train-
ing, with the quality of the results directly impacting the segmentation
quality [21–25]; (c) modality-based fusion approaches, which involve
fusing available modalities into a latent space to learn a shared feature
representation that is used for brain tumor segmentation [26–34].
Among these approaches, the third approach is more efficient since it
only requires learning an end-to-end network, avoiding the effect of
the quality of the generated modality on the segmentation accuracy.
However, due to the lack of effective supervision, the method does not
always result in a complete shared feature representation, leading to
less accurate segmentation results. In this paper, we propose a feature
reconstruction and enhancement method based on joint learning to ad-
dress the challenges of incomplete information in brain tumor images.
The method guides a single modality to learn the rich information from
a complete modality through joint learning, alleviating the issue of
incomplete information. Additionally, we reconstruct missing modality
fusion features using the shared feature representation of brain tumors,
further enhancing feature discrimination capability.

The method proposed in this paper consists of three key stages: Uni-
Modal information Learning (UML), Missing Modality Feature Recon-
struction (MMFR), and Shared Feature Representation Enhancement
(SFRE). In the UML phase, we address the problem of dependency
among modalities in feature extraction stage by using complete modal-
ity information to guide each modality. This approach helps to alleviate
the issue of relying on other modalities due to the limitations of
information carried by a single modality. In the MMFR stage, we fuse
and project available modality information into the shared feature
representation space to reconstruct the missing modality features, thus
recovering the information of the missing modality. Furthermore, to
enhance the discriminative features of brain tumors, the reconstructed
features are fully fused with the shared features in the SFRE stage,
leading to a more comprehensive representation of brain tumor infor-
mation. Moreover, a shared decoder is employed to align the potential
features from two pathways, which further enhances the shared feature
representation of brain tumors. This approach effectively addresses the
2

Fig. 1. Four modalities and corresponding labels for three cases. Red areas on the label
denote the necrotic and non-enhancing tumor core (NCR/NET); yellow areas denote the
GD-enhancing tumor (ET); green areas denote the peritumoral edema (ED).

issue of incomplete information caused by missing modalities, thereby
improving the robustness of the model in clinical practice. The main
contributions of this paper can be summarized as follows:

1. The proposed method uses a joint learning strategy in which
the complete modality supervises the missing modality path and
guides each modality to extract complete brain tumor informa-
tion. This approach mitigates the need to rely on other modal-
ities to compensate for incomplete information, thus improving
segmentation accuracy.

2. To address the issue of missing modality information, we imple-
mented a mechanism that interacts with available modal brain
tumor features to improve the features reconstruction of missing
modalities, facilitating information recovery.

3. We proposed a feature enhancement method to address incom-
plete modality brain tumor segmentation. This method leverages
the reconstructed missing modality information to improve the
shared feature representation of brain tumors, resulting in more
comprehensive brain tumor features.

2. Related work

2.1. Incomplete modality brain tumor segmentation

In recent years, multimodal learning has garnered significant inter-
est and has been applied to various computer vision tasks [35–37].
Complementary information between multiple modalities is essential
for improving the performance of various computer vision tasks. An
essential aspect of multimodal learning is exploring effective methods
for multimodal fusion. However, in most real-world scenarios, certain
modalities may not be available or missing, which has led to the
development of incomplete modality learning research. Our work aims
to address the challenging problem of brain tumor segmentation with
missing modalities. This problem is more practical but significantly
more difficult than previous brain tumor segmentation tasks.

To address the issue of missing modalities, previous work proposed
the use of fusion mechanisms to aggregate available modality features.
For example, U-HeMIS [27] proposed a method that computes the mean
and variance of available modality features, while Shen Y [38] used
multiple encoders to extract features for different modalities, and then
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fused the feature maps using skip connections. RFNet [29] used a tu-
mor region aware module to adaptively aggregate multimodal features
from different regions to establish the relationship between modality
and tumor. However, these methods utilize only the fused features of
available modalities for segmentation, ignoring the rich information
contained in the missing modalities. In contrast, CoCa-GAN [22] and
MGM-GAN [25]generate missing modalities using generative adversar-
ial networks (GAN). Lee [39] and Shen L [40] recover missing modality
images through domain translation while at the same time learning the
shared features across modalities for multimodal segmentation. How-
ever, these approaches require complex computations and an additional
generative network to be trained, with the generated quality affecting
segmentation performance. More recently, knowledge distillation-based
networks have shown promising performance in dealing with missing
modality problems. For example, ACN [17] proposed an adversarial
knowledge distillation network to align the potential representations
of complete and missing modalities. However, this approach does
not consider reconstructing texture or style information in missing
modalities. To address this limitation, SMU-Net [18] decomposes the
representation space into content and style representations, and uses a
matching module to reconstruct missing information. However, each of
these methods requires a model to be trained for each missing modality
situation, which is a process that is both resource-intensive and time-
consuming. This study proposes a novel incomplete modality brain
tumor segmentation method that leverages missing modality feature re-
construction for recovering missing information. Our approach utilizes
available modality fusion information to reconstruct missing modal-
ity features, rendering the recovery of missing information feasible.
Unlike prior methods, our approach is both efficient and less resource-
intensive because it does not necessitate training specific models for
individual cases.

2.2. Shared feature representation learning

In the field of multimodal learning, shared feature representation
has been extensively studied [41–44]. The goal is to learn invariant rep-
resentations between modalities by jointly projecting multiple modality
information into a shared subspace. Hazarika et al. [41] proposed a
shared subspace to learn potential commonalities between modalities
and reduce the impact of modal gaps. Liu et al. [44] introduced a dis-
crete shared space to capture fine-grained representations and improve
the accuracy of cross-modal retrieval. Prior research has demonstrated
the efficacy of modality-invariant features in bridging inter-modal gaps.
Consequently, learning shared feature representations across multiple
modalities can ameliorate the impact of missing modalities.

The HVED [28] method uses independent encoders to extract first-
order moment features from each modality and models a Gaussian
distribution over the encoded features to form a shared representation
space. Although this space provides a shared representation for all
modalities, it is limited in its ability to model mode-dependent fea-
tures, and may not perform well when multiple modes are missing.
RobustSeg [34] decomposes features into mode-invariant and mode-
specific features and uses mode-invariance to generate segmentation
results based on a gating strategy. Yang et al. [31] proposes a modality
disentanglement and a tumor-region disentanglement to capture the
correlation between modality and tumor region and extract sufficient
information for segmentation. Zhang et al. [32] applied Transformers to
the incomplete modality brain tumor segmentation task, constructing
intra-modal and inter-modal encoders to establish and align global
correlations between different modalities, and extracting modality-
invariant representations. Our proposed method differs from existing
approaches,as it utilizes complete modality latent features for super-
vising the learning of shared feature representations. In addition, it
employs an information interaction mechanism to facilitate the transfer
and fusion of information between available modalities. Moreover, the
shared feature representation of brain tumors is improved by leveraging
3

reconstructed information from missing modalities.
3. Proposed method

3.1. Overview

To overcome the challenges posed by missing brain tumor modal-
ities in clinical practice, this paper proposes a joint learning-based
feature reconstruction and enhancement method, which consists of
three phases as illustrated in Fig. 2: unimodal information learning,
missing modality feature reconstruction, and brain tumor shared fea-
ture representation enhancement. In UML stage, intact modality is used
as supervision to guide each modality in learning the brain tumor
information present in the intact modality. In the MMFR stage, we
use the shared feature representation to reconstruct the features of the
missing modality and recover its information. The SFRE stage utilizes
the reconstructed missing modality features to enhance the shared
feature representation of brain tumors to obtain more comprehensive
tumor information. Furthermore, to ensure that the shared feature
representation aligns with the full modality, both the missing modality
and complete modality paths use a shared convolutional decoder. This
improves the feature representation capability and ensures consistency
in the shared feature representation.

3.2. Unimodal information learning

To achieve accurate segmentation results in multimodal brain tumor
segmentation, it is essential to leverage the complementary information
from different modalities. However, the performance of segmentation
models may suffer when multiple modalities are damaged or missing,
which presents a challenge to accurate segmentation. To tackle this
issue, we propose a joint learning approach with two independent
learning paths: the first learning path uses all available modalities
as input, while the second learning path uses the modalities that
are intact. The goal is to transfer the rich feature information from
the complete modality path to the missing modality path, while also
encouraging the missing modality path to reconstruct the missing in-
formation. Different from previous distillation methods, the proposed
approach does not require training a separate model for each miss-
ing modality situation, and uses complete modality information to
guide each modality to alleviate the inter-modality dependency issue
in feature extraction stage. The complete modality path and missing
modality path use the same encoding and decoding structure. In the
encoding stage, we utilize convolutional operations to extract shallow
details and local information, as well as self-attention to establish
long-range dependencies, which improves the ability to model global
context while retaining low-level details. We define the full modality as
𝑀 = {𝐹 𝑙𝑎𝑖𝑟, 𝑇 1𝑐𝑒, 𝑇 1, 𝑇 2}, and define the input data for each modality
as 𝑿𝑚 =

{

𝑋𝑖, 𝑖 ∈ 𝑀
}

. The input data for the full modality path is
defined as 𝑿𝑓 =

{

∀𝑿𝑖, 𝑖 ∈ 𝑀
}

, and in our setting, 𝑿𝑖 ∈ R1×𝐻×𝑊 ×𝐷

is a 3D modality image. In the unimodal information learning stage,
our method uses the full modality information to supervise the feature
extraction of each modality, guiding each modality to learn the tumor
information from the complete modality, achieving the transfer of rich
semantics from the full modality to the unimodal modality.

To extract local detailed features within each modality, both paths
utilize an encoder composed of multiple convolutional blocks in the
feature extraction stage. We define the modality-specific encoder and
the full modality encoder as 𝐸𝑚 and 𝐸𝑓 , respectively. Therefore, the
feature maps at different levels for both the single modality and the
full modality can be represented as:

𝑭 𝑙
𝑚 = 𝐸𝑚

(

𝑿𝑚; 𝜃𝑐𝑜𝑛𝑣𝑚
)

(1)

𝑭 𝑙
𝑓 = 𝐸𝑓

(

𝑿𝑓 ; 𝜃𝑐𝑜𝑛𝑣𝑓

)

(2)

Where 𝑭 𝑙
𝑓 ∈ R𝐶×𝐻×𝑊 ×𝐷 and 𝑭 𝑙

𝑚 ∈ R𝐶×𝐻×𝑊 ×𝐷 are the feature maps

at different levels of the complete modality and each single modality, 𝑙
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Fig. 2. The overview of our proposed network architecture, consisting of a complete modal path and a missing modal path. 𝐸𝑓 and 𝐸𝑚 (𝑚 ∈ 𝐹 𝑙𝑎𝑖𝑟, 𝑇 1𝑐𝑒, 𝑇 1, 𝑇 2) extract full modality
image features and 𝑚 modality image features respectively. The two paths utilize a shared decoder.
denotes the 𝑙th feature extraction block and there are five in total, 𝜃 is
the parameter of the encoder, 𝐻 and 𝑊 are the height and width of the
input image, and 𝐷 is the number of slices. Specifically, our encoder is
comprised of five feature extraction blocks, each consisting of cascaded
group normalization, LeakyRelu, and convolutional layers with a kernel
size of 3 × 3 × 3. Between two connected blocks, the feature maps are
downsampled using convolutional layers with a stride of 2. The number
of channels in each stage is 8, 16, 32, 64, and 128, respectively.

To address the issue of incomplete information from single modal-
ity, we utilize the complete modality to supervise the feature extraction
of each modality, enabling the transfer of rich multimodal information
to the single modality. Our method guides the feature extractor of each
modality to learn the complete tumor features of the multimodalities by
using L1 parameterization and KL divergence. This process is defined
as:

𝑡𝑟𝑎𝑛𝑠 =
1
4

𝑙
∑

𝑖=4

(

‖

‖

‖

𝐹 𝑖
𝑓 − 𝐹 𝑖

𝑚
‖

‖

‖1
+ 𝑘𝑙

(

𝐹 𝑖
𝑓 , 𝐹

𝑖
𝑚

))

(3)

Where 𝑖 = 4 represents the fourth feature extraction block, and 𝐹 𝑖

represents the output of the 𝑖th feature extraction block. Due to the
inherent limitations of convolutional neural networks, convolutional
operations cannot effectively capture global contextual information.
Therefore, we use self-attention operations to capture global contextual
information. The self-attention module can be formulated as follows:

𝒒𝑚 = 𝑭 5
𝑚𝑤𝑚𝑞 ,𝒌𝑚 = 𝑭 5

𝑚𝑤𝑚𝑘, 𝒗𝑚 = 𝑭 5
𝑚𝑤𝑚𝑣 (4)

𝑭 𝑔𝑙𝑜𝑏𝑎𝑙
𝑚 = 𝑭 5

𝑚 + 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

(

𝒒𝑚𝒌𝑚𝑇

√

𝑑𝑚𝑘

)

𝒗𝑚 (5)

Where 𝑭 5
𝑚 denotes the output of the modality encoder at the 5-th

feature extraction block, and 𝑭 𝑔𝑙𝑜𝑏𝑎𝑙
𝑚 denotes the output with global

relevance established through self-attention. 𝑤𝑚𝑖 (𝑖 = [𝑞, 𝑘, 𝑣]) denotes
the parameter matrix of a linear projection, and 𝒒𝑚,𝒌𝑚, 𝒗𝑚 respectively
represent query, key, and value.
4

Fig. 3. Missing modality feature reconstruction module.

3.3. Missing modality feature reconstruction

Previous methods for handling missing modalities often involve
reconstructing complete modalities and then fusing the information of
the complete modalities for segmentation. As a result, the final seg-
mentation performance is significantly influenced on the quality of the
reconstructed modalities. As shown in Fig. 3, unlike previous modality
reconstruction methods, the current study uses feature reconstruction
to reconstruct the fused features of the missing modality by utilizing
the shared feature representation of the potential space to enhance the
shared feature representation. This approach not only circumvents the
impact of reconstructed modality quality but also eliminates the need
to train a modal generation network. As there is a strong correlation
between different tumor modalities, this study proposes an interactive
fusion method that leverages the available correlation information
among modal tumor features to enhance shared feature representation.

In the interactive fusion of available modality information, we
denote the current modality as 𝑇 and the other modalities except
𝑐
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the current modality as 𝑇𝑜 ∈ {𝐹 𝑙𝑎𝑖𝑟, 𝑇 1𝑐𝑒, 𝑇 1, 𝑇 2}. We also denote
he information flowing to the current modalities as 𝑇𝑐 ← 𝑇𝑜. In
his process, we use the principle of cross-attention to achieve the
nformation interaction between different modalities. The output after
andomly applying a mask to 𝑭 𝑔𝑙𝑜𝑏𝑎𝑙

𝑇𝑜
is denoted as 𝑭𝑚𝑎𝑠𝑘

𝑇𝑜
.

𝑚𝑎𝑠𝑘 =
[

𝑭𝑚𝑎𝑠𝑘
𝐹 𝑙𝑎𝑖𝑟,𝑭

𝑚𝑎𝑠𝑘
𝑇 1𝑐𝑒 ,𝑭

𝑚𝑎𝑠𝑘
𝑇 1 ,𝑭𝑚𝑎𝑠𝑘

𝑇 2
]

(6)

here 𝑭𝑚𝑎𝑠𝑘
𝑇𝑜

= 𝛿𝑇𝑜𝑭
𝑔𝑙𝑜𝑏𝑎𝑙
𝑇𝑜

, [⋅, ⋅] denote concatenation operation. During
he training process, we randomly set 𝛿𝑚 to 0 to simulate the missing

modality. The process of in multimodal information interaction can be
represented as:

𝑯 𝑖
𝑇𝑐←𝑇𝑜

= CrossAtt
(

𝑸𝑖
𝑇𝑐
,𝑲 𝑖

𝑇𝑜
,𝑽 𝑖

𝑇𝑜

)

= sof tmax
⎛

⎜

⎜

⎝

𝑸𝑖
𝑇𝑐
(𝑲 𝑖

𝑇𝑜
)𝑇

√

𝑑𝑘

⎞

⎟

⎟

⎠

𝑽 𝑖
𝑇𝑜

(7)

Where 𝑯 𝑖
𝑇𝑐←𝑇𝑜

indicates the result of the 𝑖th attention head in 𝑇𝑐 ←

𝑇𝑜. 𝑸𝑖
𝑇𝑐

= 𝐿𝑁
(

𝑭 𝑔𝑙𝑜𝑏𝑎𝑙
𝑇𝑐

)

𝑾 𝑖
𝑇𝑐 ,𝑸

, 𝑲 𝑖
𝑇𝑜

= 𝐿𝑁
(

𝑭 𝑔𝑙𝑜𝑏𝑎𝑙
𝑇𝑜

)

𝑾 𝑖
𝑇𝑜 ,𝐾

, 𝑽 𝑖
𝑇𝑜

=

𝐿𝑁
(

𝑭 𝑔𝑙𝑜𝑏𝑎𝑙
𝑇𝑜

)

𝑾 𝑖
𝑇𝑜 ,𝑄

, 𝑾 𝑖
𝑚,𝑙 ∈ R𝐶′×𝑑 (𝑚 = 𝑇𝑐 , 𝑇𝑜; 𝑙 = 𝑸,𝑲 ,𝑽 ) is the pa-

rameter matrix of the linear projection, and LN is layer normalization.
After obtaining features of the 𝑖th attention head 𝑯 𝑖

𝑇𝑐←𝑇𝑜
, the complete

expression of 𝑇𝑐 ← 𝑇𝑜 is:

𝑭 𝑇𝑐←𝑇𝑜
=
[

𝑯1
𝑇𝑐←𝑇𝑜

,𝑯2
𝑇𝑐←𝑇𝑜

,… ,𝑯𝑁ℎ
𝑇𝑐←𝑇𝑜

]

𝑾 𝑇𝑐←𝑇𝑜
(8)

Where 𝑾 𝑇𝑐←𝑇𝑜
is the linear projection matrix. In this paper, the number

of heads in the attention mechanism is 𝑁ℎ, which set to 8 [32].
The features after interaction are then fused with the available modal
features:

𝑭 𝑓𝑢𝑠𝑒 = 𝑭𝑚𝑎𝑠𝑘+
[

𝑭 𝐹 𝑙𝑎𝑖𝑟←𝑇𝑜
,𝑭 𝑇 1𝑐𝑒←𝑇𝑜

,𝑭 𝑇 1←𝑇𝑜
,𝑭 𝑇 2←𝑇𝑜

]

(9)

The fused features 𝑭 𝑓𝑢𝑠𝑒 are obtained by passing the input through
a Feed Forward Network (FFN) consisting of a linear layer, activa-
tion function GELU, and dropout. Then, the global shared feature
representation 𝑭 𝑠ℎ𝑎𝑟𝑒 ∈ R𝐶′×𝐻×𝑊 ×𝐷 is obtained by reshaping the
output.

To obtain a better shared feature representation of brain tumors, we
force the missing modality path to learn the rich feature representation
of the complete modality path, making their potential feature represen-
tations as close as possible. To achieve this, we use the KL divergence
as a loss function between them:

𝑘𝑙 = 𝐷𝑘𝑙
(

𝑭 𝑠ℎ𝑎𝑟𝑒,𝑭 𝑓𝑢𝑙𝑙
)

(10)

Aligning the shared feature representation with the full modal
potential feature distribution ensures that the missing modality path
learn rich feature information from the complete modality, leading to
enhanced reconstruction of the missing modality information.

Since the obtained shared feature representation of the brain tumor
is obtained under the supervision and guidance of the full modality, it
enables recovery of the missing modality information. To reconstruct
the fused features of the missing modality, we use a reconstruction
network composed of three convolutional layers. To ensure accurate
missing modality features, we use a pre-trained network to integrate
missing modality features to obtain 𝑭𝑚𝑖𝑠𝑠𝑖𝑛𝑔 and utilize it for supervi-
sion. The pre-trained network has the same structure as the missing
modality path and aims to guide the network to recover the missing
information using the shared feature representation. To ensures high
quality features can be reconstructed, we used 𝑟𝑒𝑐 to supervise the
feature reconstruction:

𝑟𝑒𝑐 =
‖

‖

‖

𝑭𝑚𝑖𝑠𝑠𝑖𝑛𝑔 − 𝑭 𝑟𝑒𝑐
‖

‖

‖1
(11)

3.4. Shared feature representation enhancement

We fuse the reconstructed missing modality features with our shared
features to obtain a more comprehensive representation of the brain
tumor and further enhance the shared feature representation to its
5

Fig. 4. Shared feature enhancement module.

fullest potential. As illustrated in Fig. 4, we use cross-attention to com-
pute the correlation between the two sets of features and capture their
tumor-related features more accurately. Specifically, the global shared
feature representation 𝑭 𝑠ℎ𝑎𝑟𝑒 is first projected to a key (𝒌) and value (𝒗)
vector using linear projection, while the reconstructed missing modality
fusion feature is projected to a query vector (𝒒). To strengthen the
correlation between the two sets of features, we calculate the similarity
between 𝒒 and 𝒌 using cross-attention, and then use similarity-weighted
multiplication by 𝒗. We fuse it with the missing modality features in an
additive manner to fully exploit the complementary information of the
missing modality. We then apply self-attention to establish the global
inter-pixel correlation, and finally add it to the global shared feature
representation to obtain a more complete shared feature representation
of the brain tumor. This process can be expressed as:

𝒒 = 𝑭 𝑟𝑒𝑐𝑤𝑞 ,𝒌 = 𝑭 𝑠ℎ𝑎𝑟𝑒𝑤𝑘, 𝒗 = 𝑭 𝑠ℎ𝑎𝑟𝑒𝑤𝑣 (12)

𝑭 𝑒𝑛ℎ𝑎𝑛𝑐𝑒 = 𝑭 𝑠ℎ𝑎𝑟𝑒 + 𝑠𝑒𝑙𝑓𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛

(

𝑭 𝑟𝑒𝑐 + 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

(

𝒒𝒌𝑇
√

𝑑𝑘

)

𝒗

)

(13)

To further enhance the shared feature representation, we employ
shared decoder for both the missing and complete modality paths,
hich enforces the shared feature representation to align with the
otential features of the full modality. The enhanced shared feature
epresentation is then progressively upsampled to recover the original
esolution size and generate the segmentation results. In addition, to
btain spatially detailed features rich in available modalities, we fuse
he shallow feature maps obtained from each level of the encoder
or each modality, and fuse the encoder and decoder features using

skip connection for finer segmentation. Finally, we transfer useful
nowledge from the complete modality path to the missing modality
ath by using the segmentation results generated by the former as soft
abels to supervise the segmentation results of the latter. The knowledge
istillation loss is defined as follows:

𝑘𝑑 = 𝑊𝐶𝐸 (𝑷 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 ,𝑷 𝑓𝑢𝑙𝑙) + 𝐷𝑖𝑐𝑒(𝑷 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 ,𝑷 𝑓𝑢𝑙𝑙) (14)

𝑷 𝑓𝑢𝑙𝑙 and 𝑷 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 represent the predictions of the complete modality
path and missing modality path, respectively. We utilize the combi-
nation of 𝑊𝐶𝐸 and 𝐷𝑖𝑐𝑒 to quantify the similarity between the two
segmentation outcomes.

3.5. Loss function

As depicted in Fig. 2, the decoder is employed to make the ultimate
segmentation prediction, and the weighted cross-entropy loss and Dice
loss are utilized to optimize the network’s segmentation performance:

𝑠𝑒𝑔 =
∑

𝑊𝐶𝐸 (𝑷 𝑝𝑎𝑡ℎ, 𝒀 ) + 𝐷𝑖𝑐𝑒(𝑷 𝑝𝑎𝑡ℎ, 𝒀 ) (15)

𝑝𝑎𝑡ℎ
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



Table 1
Results of the proposed method and state-of-the-art unified models on BraTS 2018 dataset [29,37]. Dice similarity scores (%) is employed for evaluation with every combination
settings of modalities. ∙ and ◦ denote available and missing modalities, respectively.

M

Flair ◦ ◦ ◦ ∙ ◦ ◦ ∙ ◦ ∙ ∙ ∙ ∙ ∙ ◦ ∙

AvgT1ce ◦ ◦ ∙ ◦ ◦ ∙ ∙ ∙ ◦ ◦ ∙ ∙ ◦ ∙ ∙
T1 ◦ ∙ ◦ ◦ ∙ ∙ ◦ ◦ ◦ ∙ ∙ ◦ ∙ ∙ ∙
T2 ∙ ◦ ◦ ◦ ∙ ◦ ◦ ∙ ∙ ◦ ◦ ∙ ∙ ∙ ∙

ET

U-HeMIS [27] 25.63 10.16 62.02 11.78 32.39 66.22 66.10 67.83 30.22 10.71 68.54 68.72 31.07 69.92 70.27 46.10
U-HVED [28] 22.82 8.60 57.64 23.8 24.29 61.11 68.36 67.83 32.31 27.96 68.60 68.93 32.34 67.75 69.03 46.76
RobustSeg [34] 28.97 17.29 67.07 25.69 32.01 69.06 70.30 69.71 33.84 32.13 70.78 70.88 70.78 70.10 71.13 51.02
D2-Net [31] 16.00 8.10 66.30 8.10 16.50 70.70 64.80 68.70 17.40 9.50 65.70 66.40 19.40 68.30 68.40 42.30
mmformer [32] 43.05 32.35 72.60 39.33 44.99 74.04 75.05 74.51 47.52 42.96 75.47 75.67 47.70 74.75 77.61 59.85
RFNet [29] 40.71 34.43 69.43 33.92 41.42 70.73 72.84 73.01 43.77 39.68 73.17 73.13 73.17 72.56 73.21 57.12
Ours 40.22 36.94 74.79 36.96 44.97 76.75 75.63 75.48 42.54 43.47 75.66 74.80 45.08 75.88 75.39 59.64

TC

U-HeMIS [27] 57.20 37.39 65.29 26.06 60.92 72.46 71.49 76.64 57.68 41.12 76.01 77.53 60.32 78.96 79.48 62.57
U-HVED [28] 54.67 33.90 59.59 57.90 56.26 67.55 75.07 73.92 62.70 61.14 77.05 76.75 63.14 75.28 77.71 64.84
RobustSeg [34] 57.49 47.9 76.83 53.57 62.19 78.72 80.62 80.20 61.16 60.68 81.06 80.72 81.06 80.33 80.86 69.78
D2-Net [31] 56.70 16.80 65.10 47.30 63.20 78.20 80.80 80.30 62.60 61.60 80.90 80.70 63.70 79.00 80.10 66.50
mmformer [32] 64.20 56.55 75.41 61.21 69.42 78.59 77.88 78.61 69.75 65.91 79.80 79.55 71.52 80.39 85.78 72.97
RFNet [29] 67.62 64.42 80.99 64.89 70.89 82.22 82.94 83.27 70.82 71.59 83.77 83.54 73.09 83.97 84.02 76.53
Ours 68.49 66.03 80.91 67.04 71.56 82.66 83.31 83.26 71.92 72.12 83.82 83.34 73.47 83.61 83.69 77.02

WT

U-HeMIS [27] 80.96 57.62 61.53 52.48 82.41 68.47 68.99 82.48 82.95 64.62 72.31 83.85 83.43 83.94 84.74 74.05
U-HVED [28] 79.83 49.51 53.62 84.39 81.56 64.22 85.93 81.32 87.58 85.71 86.72 88.09 88.07 82.32 88.46 79.16
RobustSeg [34] 82.24 70.11 74.93 85.69 84.78 77.18 88.51 85.19 88.28 88.24 88.73 89.27 88.73 86.01 89.45 84.39
D2-Net [31] 76.30 15.50 42.80 84.20 80.10 62.10 87.50 84.10 87.90 87.30 87.70 88.80 88.40 80.90 88.80 76.20
mmformer [32] 81.15 67.52 72.22 86.10 82.20 74.42 87.30 82.99 87.59 87.06 87.33 88.14 87.75 82.71 89.64 82.94
RFNet [29] 84.30 74.68 74.93 86.46 86.15 78.59 88.78 86.39 89.12 88.78 89.71 90.06 89.71 86.78 90.26 85.67
Ours 85.38 77.24 74.79 87.83 86.55 79.38 89.48 86.86 89.84 89.37 89.60 90.38 90.04 87.11 90.36 86.28
𝒀 represents the ground truth. 𝑷 𝑝𝑎𝑡ℎ ∈
{

𝑷 𝑓𝑢𝑙𝑙 ,𝑷 𝑚𝑖𝑠𝑠𝑖𝑛𝑔
}

, 𝑊𝐶𝐸 and
𝐷𝑖𝑐𝑒defined as:

𝐷𝑖𝑐𝑒(𝑷 , 𝒀 ) = 1 −
∑

𝑘∈Ω

⎛

⎜

⎜

⎝

2
∑𝑁

𝑗=1 𝒚
𝑘
𝑗 𝒑

𝑘
𝑗

∑𝑁
𝑗=1 𝒚

𝑘
𝑗 𝒚

𝑘
𝑗+

∑𝑁
𝑗=1 𝒑

𝑘
𝑗 𝒑

𝑘
𝑗 + 𝜀

⎞

⎟

⎟

⎠

(16)

WCE(𝑷 , 𝒀 ) = −
∑

k∈Ω

( N
∑

j=1
𝜔k ⋅ 𝒚kj log𝐪

k
j

)

(17)

Where 𝛺 = {𝐵𝐺(𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑), 𝑁𝐶𝑅∕𝑁𝐸𝑇 ,𝐸𝐷,𝐸𝑇 }, 𝒚𝑘𝑗 , 𝒒𝑘𝑗 and 𝒑𝑘𝑗
represent the ground truth, probability prediction and one-hot output of
voxel 𝑗 on class 𝑘, respectively. 𝜔𝑘 is the weight of region 𝑘, 𝜀 = 1×10−5,
𝑁 = 𝐻 ×𝑊 ×𝐷.

Therefore, the overall objective function of our framework can be
expressed as:

𝑜𝑣𝑒𝑟𝑎𝑙𝑙 = 𝑠𝑒𝑔 + 𝑘𝑑 + 𝑡𝑟𝑎𝑛𝑠 + 𝑘𝑙 + 𝑟𝑒𝑐 (18)

Our framework incorporates standard Dice loss and multi-class
cross-entropy loss to accurately perform segmentation tasks.

4. Experiments

4.1. Datasets and evaluation metrics

To evaluate the effectiveness of our proposed method, we conducted
experiments on two widely used brain tumor datasets, BraTS2018 and
BraTS2020 [45]. The BraTS2018 dataset consists of scans from 210
patients with high-grade glioma and 75 patients with low-grade glioma,
each containing 4 modalities: Flair, T1ce, T1, and T2. The dataset is
labeled in 4 categories, namely tumor enhancing area, edema area,
necrotic area, and healthy tissue. The performance of our method was
evaluated by the segmentation results of whole tumor (WT), tumor
core (TC), and enhanced tumor (ET). WT includes tumor enhancement
zone, edema zone, and necrotic zone, TC includes tumor enhancement
zone and necrotic zone, and ET includes tumor enhancement zone.
Consistent with standard practice in the literature [29,32,34], we ran-
domly divided our dataset into three parts, including a training set
of 190 cases and a validation set of 95 cases. We performed experi-
ments in a three-fold cross-validation manner. In addition, the provided
datasets have undergone various preprocessing operations, such as

3

6

co-registered, skull-stripped, and re-sampled to 1 𝑚𝑚 resolution.
In order to assess the efficacy of our proposed method, we employed
the Dice similarity score as a quantitative measure of segmentation
accuracy. The Dice similarity score quantifies the level of overlap
between the predicted segmentation results and the true labels, where
0 indicates no overlap and 1 indicates perfect overlap. Higher Dice
similarity scores indicate better segmentation performance. The Dice
similarity score is defined as follows:

𝐷𝑖𝑐𝑒𝑘̄ (𝒚̂, 𝒚) =
2 ⋅ ‖

‖

𝒚̂𝑘̄ ∩ 𝒚𝑘̄‖‖1
‖

‖

𝒚̂𝑘̄‖‖1 + ‖

‖

𝒚𝑘̄‖‖1
(19)

Where 𝑘̄ denotes different tumor classes, including whole tumor, core
tumor, and enhanced tumor. The Dice similarity score of tumor class
𝑘̄ is denoted as 𝐷𝑖𝑐𝑒𝑘̄. A higher Dice similarity score indicates better
segmentation accuracy, as it indicates that the predicted result is closer
to the ground truth.

4.2. Implement details

In accordance with the approach described in [28], we applied
a normalization operation to each modality in the dataset to ensure
a consistent distribution of grayscale values in the MR images. All
experiments were conducted on two NVIDIA GTX3090 GPUs (24G)
under the Pytorch 1.12.1 framework. During the training phase, we
randomly cropped the input images to 128 × 128 × 128 and utilized
random rotation, intensity shift, and mirror flip for data augmentation.
Additionally, we randomly set certain modality to a zero matrix to
simulate the scenario of missing modality [20,28,31,34]. The network
was trained for 1500 epochs with a batch size of 2, and was optimized
using the Adam optimizer [46] with exponential decay rates 𝛽1 and 𝛽2
of 0.9 and 0.999, respectively. The learning weight decay was set to
1e−4. Furthermore, the learning rate of each epoch can be denoted as
𝑙𝑟 = 𝑏𝑎𝑠𝑒_𝑙𝑟 ×

(

1 − 𝑒𝑝𝑜𝑐ℎ
𝑒𝑛𝑑_𝑒𝑝𝑜𝑐ℎ

)𝑝
, using ‘‘poly’’ to dynamically adjust the

learning rate, where 𝑝 = 0.9, 𝑏𝑎𝑠𝑒_𝑙𝑟 = 1e−4 as the baseline learning
rate, and the total epoch number 𝑒𝑛𝑑_𝑒𝑝𝑜𝑐ℎ = 1500.

4.3. Comparison with state-of-the-arts

To assess the effectiveness of our proposed method, we conducted
extensive comparative experiments between our method and existing
state-of-the-art methods on the BraTS2018 and BraTS2020 datasets.
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Fig. 5. Comparison of segmentation results on four cases of missing modalities: complete modalities; FLAIR, T1ce, T2; FLAIR, T1ce; T1ce. From the left to right are four MRI
modalities: T1, T2, FLAIR and T1ce; The fifth column presents the Ground Truth of two patients, the sixth to ninth columns perform the results of state-of-the-art approaches, and
the right column shows our segmentation results;.
To ensure a fair comparison, we adopted the experimental setup used
in [29,32,34] and employed a three-fold cross-validation strategy to
evaluate the performance of our method on both datasets.

4.3.1. Comparison on BraTS2018
We conducted extensive experiments on the BraTS2018 and

BraTS2020 datasets to evaluate the performance of our proposed
method. We compared our results with those of D2-Net [31], mm-
Former [32], RFNet [29] and other state-of-the-art methods using Dice
Score as the evaluation metric. As shown in Table 1, our method sig-
nificantly outperformed other methods in terms of Dice scores 86.28%,
77.02%, and 59.64% on WT, TC, and ET, respectively, for each of
the 15 cases of missing modalities. Our network architecture proved
to be effective, as demonstrated by these results, which outperforms
current state-of-the-art methods, such as RFNet and mmFormer, in
most modality missing cases. Compared with RFNet, we obtained an
average Dice score improvement of 0.61% and 0.49% for the whole
tumor and tumor core regions, respectively, and a remarkable 2.52%
improvement for the most challenging enhanced tumor region. This
result indicates that our method has a greater improvement for the en-
hanced tumor region, which is the most challenging region among these
three types of tumor regions. Our proposed method outperformed other
methods in all fifteen cases for the segmentation of WT brain tumor
regions, indicating that using the self-attention mechanism to establish
inter-modal correlations and reconstruct missing modality features can
well establish correlations under global semantics and facilitate the
modeling of global contexts. Furthermore, under the four unimodal
modalities, our proposed method outperformed other methods in most
cases, indicating that multimodal information can be effectively trans-
ferred to a single modality in our unimodal information learning phase,
7

thus compensating for the problem of incomplete unimodal information
and exhibiting robust performance under unimodal modality. We also
analyzed the different effects of various missing modality cases and
found that the whole tumor performance decreases significantly under
the missing Flair modality, which affects the whole tumor region by
about 3%. In the absence of T1, T2 or one of the Flair modalities,
having the T1ce modality has good segmentation performance for the
enhanced tumor and tumor core regions, because the T1ce modality is
the main modality that shows the enhanced tumor and tumor core. In
the absence of T1 or T2, the segmentation performance of all regions
was slightly decreased.

4.3.2. Comparison on BraTS2020
In addition to conducting experiments on BraTS2018, we also per-

formed experiments on BraTS2020 using three-fold cross-validation to
obtain average results. We then compared these results with advanced
methods, and for the sake of fairness, we directly cited the results
of RFNet [29]. Table 2 displays the results, which demonstrate that
our method produces remarkable improvements in segmentation per-
formance. Specifically, our method achieves optimal Dice scores of
63.56%, 79.44%, and 87.03% for ET, TC, and WT, respectively. In
comparison to RFNet, our method outperforms it by 2.09%, 1.21%,
and 0.05% for ET, TC, and WT, respectively. These results validate the
superiority of our method.

4.3.3. Visual effect comparison of segmentation results
To demonstrate the effectiveness of our method, we provide quanti-

tative comparisons with other state-of-the-art methods on the
BraTS2018 dataset in Fig. 5, presenting results for the Complete modal-
ity, Flair+T1ce+t2, Flair+T1ce, and T1ce cases. The results reveal that
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Fig. 6. Boxplots and histogram of the Dice score of the comparison experiment results.
(a) Shows the results for 15 cases of missing modalities. (b) shows the average results
of state-of-the-art approaches and ours.

Fig. 7. Histogram of the Dice score of the comparison experiment results on
BraTS2020.

Fig. 8. Visualization of the predicted segmentation maps. Left: four image modalities.
Right: segmentation maps predicted by our approaches from all fifteen combinations
of image modalities and the corresponding ground truth.

our method achieves accurate segmentation results in most cases. Fig. 6
presents the comparison of our method with other methods on the
BraTS2018 dataset using box plots of Dice coefficients obtained from
the segmentation results of 15 missing modality cases and histograms
generated from average results. The figure reveals the distribution
characteristics of segmentation results of different methods in various
cases. The results on the BraTS2018 test set are generally main-
tained at a balanced level and outperforms other methods in most
cases. Fig. 7 illustrates the comparison of our method with other
methods on the BraTS2020 dataset, demonstrating that our method
achieves outstanding results on this dataset.

To visualize the segmentation results for each missing case, we
provide visualizations for 15 missing cases in Fig. 8. The visualizations
8

Fig. 9. Visualizations of the predicted segmentation maps of two paths.

Table 2
Comparisons with the state-of-the-art on BRATS2020.

Method Dice score (%)

ET TC WT

U-HeMIS [27] 47.73 65.45 75.10
U-HVED [28] 48.55 67.19 81.24

RobustSeg [34] 55.49 73.45 84.17
RFNet [29] 61.47 78.23 86.98

Ours 63.56 79.44 87.03

Table 3
Ablation study on components of our method.

Models Dice score (%)

ET TC WT Mean

Baseline(w/o self-attention) 53.98 71.88 82.55 69.47
Baseline 55.46 73.21 83.55 70.74

+UML(w/o L1) 57.30 75.76 83.89 72.32
+UML(w/o KL) 58.66 75.54 84.32 72.84

+UML 59.16 75.93 84.89 73.33
+UML+MMFR(w/o interactive fusion) 59.66 75.64 85.19 73.50

+UML+MMFR 60.54 76.27 85.27 74.03
+UML+MMFR+SFE(Ours) 61.18 76.59 85.60 74.46

highlight that our method delivers superior segmentation results in
various missing cases, particularly in unimodal cases, and can predict
more accurate segmentation results. Furthermore, we investigate the
effect of joint learning on missing modal paths by visualizing the results
of complete modality paths and missing modality paths in Fig. 9. The
figure reveals that our method can achieve comparable segmentation
results for different cases of missing modality paths, indicating that
joint learning can enhance feature extraction of missing modality paths
and improve segmentation results.

4.4. Ablation study

In this study, we introduce a method composed of three essential
components: UML, MMFR, and SFE. The effectiveness of each module
was validated through ablation experiments, using a three-fold cross-
validation on BraTS2018 dataset. During the experiments, the three
main components were removed, and the baseline model was used
to aggregate the encoded features of available modalities using only
1 × 1 × 1 convolutional layers. To verify the effectiveness of the self-
attention mechanism, we remove self-attention from Baseline and find
that the performance degrades in all regions. Subsequently, the three
modules were incrementally added, i.e., Baseline+UML, Baseline+UML
+MMFR, and Baseline+UML+MMFR+SFE. As shown in Table 3, the
results demonstrate the effectiveness of each module and demonstrate
the effectiveness of the proposed method in improving segmentation
performance.

Effectiveness of UML: In this paper, we propose a method that
supervises each modality with the full modality to learn complete
brain tumor information. This approach addresses the incomplete in-
formation of single modality and reduces the dependence on additional
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Table 4
The comparison results between Baseline and Baseline+UML in all four
single modality cases.

Dice score (%) Baseline Baseline +UML

WT

Flair 85.77 87.74
T1 70.16 72.72

T1ce 68.09 72.18
T2 81.64 83.11

TC

Flair 61.03 64.18
T1 56.69 65.05

T1ce 68.09 78.99
T2 62.85 63.96

ET

Flair 33.11 35.84
T1 26.83 33.97

T1ce 70.83 76.29
T2 35.43 37.12

modalities to improve brain tumor segmentation results. To validate
the effectiveness of our approach, we compared the performance of
Baseline and Baseline+UML. As shown in Table 3, the Dice scores of ET,
TC, and WT reached 59.16%, 75.93%, and 84.89%, respectively, which
were improved by 3.70%, 2.72%, and 1.34% compared to Baseline.
We also evaluated the segmentation performance under single modality
and compared it with the baseline. As shown in Table 4, our proposed
approach, Baseline+UML, outperforms the baseline in all four single
modal cases, highlighting the effectiveness of UML in improving the
segmentation performance. To assess the benefits and necessity of the
two loss items in Eq. (3), we removed the KL divergence and L1 loss
separately. As shown in Table 3, the Dice scores of ET, TC, and WT
all decreased. The KL measures the difference between the probability
distributions of two features, while the L1 is used to measure the differ-
ence between two features. Therefore, the joint use of both measures
can achieve optimal results.

Effectiveness of MMFR: MMFR module achieves the fusion of
available modality brain tumor information and reconstructs missing
modality features by incorporating information from available modali-
ties. The introduction of MMFR resulted in improved Dice scores of ET,
TC, and WT by 1.38%, 0.34%, and 0.38%, respectively, compared to
Baseline+UML, as shown in Table 3. This improvement validates the
effectiveness of the MMFR module. We also removed the interactive
fusion and instead employed 1 × 1 × 1 convolutional layers to collect
and process encoded features from available modalities. The Dice scores
of ET, TC, and WT were decreased by 0.50%, 0.63%, and 0.80%,
respectively, which were validates the effectiveness of the interactive
fusion.

Effectiveness of SFE: SFE enhances the shared feature represen-
tation of brain tumors by utilizing the complementary nature of re-
constructed missing modality features. This results in more complete
information about brain tumors and improves the segmentation re-
sults. The performance of SFE was evaluated by comparing the Dice
scores of ET, TC, and WT obtained with Baseline+UML+MMFR and
Baseline+UML+MMFR+SFE, as shown in Table 3. The results demon-
strate that SFE can further improve the segmentation results, with an
increase of 0.64%, 0.32%, and 0.33% for ET, TC, and WT, respec-
tively, compared to Baseline+UML+MMFR. These findings validate the
effectiveness of the SFE module in improving the performance of the
proposed method.

In order to demonstrate the effectiveness of each module on seg-
mentation results, we provide visualizations of the four different modal
missing cases using various methods. As shown in Fig. 10, compared
to the baseline, the segmentation results of other methods have been
improved, and our method is particularly successful in approximating
the ground truth. In addition, Fig. 11 displays box and histogram
plots of Dice coefficients obtained using the segmentation results of 95
validation set samples, revealing the distribution characteristics of the
segmentation results for the four methods.
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Fig. 10. Visual comparison of the effectiveness of different components.

Fig. 11. Boxplots and histogram of the Dice score of the ablation experiment results.
From (a) to (c) are the Dice of WT, TC, and ET, respectively. (d) is the column plot
contrast result of different components.

5. Conclusion

This paper proposes a novel method for feature reconstruction and
enhancement based on joint learning. Our approach employs multi-
modal guided unimodal learning to transfer multimodal information
to unimodal and alleviate the limitations of unimodal carried infor-
mation. The proposed method considers the complementary nature of
missing modality information, and utilizes interaction mechanisms to
transfer and fuse information between available modalities for better
reconstruction of missing modality features, and consequently, the
recovery of missing information. Moreover, a feature enhancement
mechanism is used to improve the shared feature representation using
the recovered information, resulting in more complete brain tumor
information and improved segmentation performance of the network
in brain tumor segmentation. The effectiveness of the proposed method
is demonstrated through extensive experiments on the BraTS2018 and
BraTS2020 datasets, which show that our model achieves excellent
performance and robustness in handling incomplete modality brain
tumor segmentation.
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