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In clinical diagnosis and treatment, the segmentation of brain tumors using multi-modality Magnetic Resonance
Imaging (MRI) is crucial. Effectively leveraging information from different modalities is challenging, as they
have varying sensitivities to tumor regions. To address this, we propose a four-branch encoder structure that
incorporates distinct attention mechanisms for each modality, enabling the learning of discriminative features.
Furthermore, we introduce a novel lightweight Cross-Modal Feature Fusion (CMFF) module to enhance feature
representation. Additionally, we reduce the number of convolutional layers to prevent overfitting. Experimental
results on the Brain Tumor Segmentation (BraTS) 2021 Challenge demonstrate that our framework achieves
superior segmentation performance with a significantly reduced parameter count. Specifically, our method
obtains average Dice scores of 93.12% for whole tumor, 89.50% for tumor core, and 85.92% for enhancing
tumor, using only 3.66 M parameters. These results highlight the model’s strong performance and efficiency
compared to existing baseline and state-of-the-art methods.

1. Introduction

Brain tumors are a life-threatening medical condition caused by
the cancerous growth of cells in the brain. Therefore, accurate brain
tumor segmentation (BTS) is crucial for improving brain tumor diag-
nosis and prognosis evaluation. This process involves recognizing and
segmenting tumor regions from healthy tissues using medical imaging
technologies (Biratu et al., 2021; Litjens et al., 2017; Liu et al., 2023;
Ranjbarzadeh et al., 2023; Zhu et al., 2023). Nowadays, magnetic reso-
nance imaging (MRI) (Di leva et al., 2021; Mohammed et al., 2023) has
become a routine examination method due to its high resolution, strong
soft tissue contrast, and noninvasive nature. MRI typically includes
four modalities: T1, T1C, T2, and T2Flair, as shown in Fig. 1. The
T1 image is useful for observing anatomical structures, although it
may not clearly display lesions; T1C involves injecting contrast agents
into the bloodstream before MRI, making areas of active blood flow
more apparent in the imaging, which is important for enhancing tumor
detection; The T2 sequence displays lesions, allowing for the judgment
of the entire tumor, while T2Flair, a fluid-attenuated inversion recovery
(FLAIR) sequence, is brighter with larger water content and can be
utilized to identify peritumoral edema areas. When evaluating brain
cancers, radiologists typically combine data from all four modalities,
with the T1C sequence often providing a higher diagnostic yield for
brain tumor cores. Segmenting brain tumors could be greatly aided by
these clinical insights.

Compared with common image semantic segmentation, the MRI-
based tumor segmentation task faces three main challenges. Firstly,
medical image datasets are often limited in size, which poses a chal-
lenge for effectively training deep neural networks. Secondly, MRI is
not only multi-modal but also 3D volumetric, requiring consideration of
the correlation among different modalities and 3D spatial information.
Finally, due to the diverse shape and size variations of brain tumors,
accurately localizing and segmenting them is a complex and difficult
task.

In recent years, numerous deep neural networks have been applied
to brain tumor segmentation, demonstrating remarkable success (Jyothi
and Singh, 2023; Rehman et al., 2023; Allah et al., 2023; Chukwu-
jindu et al., 2024; Bougourzi and Hadid, 2025). In particular, fully
convolutional neural(FCN) (Zhao et al., 2018) networks have attracted
much attention due to their ability to achieve pixel-level semantic
segmentation (Long et al., 2015). Based on FCN, Ronneberger et al.
(2015) proposed U-Net, which is particularly suitable for medical image
segmentation tasks with low data requirements and has become a
mainstream algorithm in the field of brain tumor segmentation (Zhu
et al., 2023). However, these 2D models do not leverage 3D spatial
information. Therefore, 3D fully convolutional neural networks, such
as 3D UNet (Ahmad et al., 2021) and nnU-Net (Isensee et al., 2021)
have gained popularity in volumetric brain tumor segmentation due
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Fig. 1. Samples of four modalities.

to their ability to automatically learn high-dimensional feature rep-
resentations from volumetric MRI (Dolz et al., 2017). Additionally,
methods based on the Vision Transformer(ViT) architecture, known for
its global modeling capability through multi-head self-attention mech-
anisms, have also been applied to brain tumor segmentation, including
TransUnet (Chen et al., 2021; Zhu et al., 2024a), TransBTS (Wenxuan
et al., 2021), Transsea (Liu et al., 2024) and GH-UNet (Wang et al.,
2025). However, although various optimizations have been proposed,
they still have high complexity and computational costs, as well as data
requirements.

From the perspective of multi-modality fusion, most existing meth-
ods directly concatenate modalities together and feed them into models
without considering the significant differences among them (Ahmad
et al., 2021; Isensee et al., 2019; Wenxuan et al., 2021; Fang and Wang,
2022; Ali et al., 2022). Unlike these early fusion strategies, feature
fusion methods utilize many convolutional branches corresponding to
modalities or groups, and then fuse the learned features using different
strategies (Syazwany et al., 2021; Tseng et al., 2017; Zhao et al., 2022;
Menze et al., 2010). For example, Ding et al. (2021) proposed a Region-
aware Fusion network to fuse available modalities features. Zhuang
et al. (2022) designed a cross-modality feature interaction module to
fuse multi-modal features in the encoding stage. However, the methods
have complex architectures and are not easily adaptable to specific
modality requirements, particularly due to difficulties in distinguishing
multimodal feature representations.

To overcome the aforementioned limitations, this research aims
to propose a novel 3D lightweight network based on cross-modality
feature fusion to segment brain tumors from multi-modality MRI. The
U-shaped structure with a multi-branch encoder is adopted to learn
modal-specific features, where different attention mechanisms are used
according to the modal characteristics. To effectively and efficiently
fuse multi-modality features, we design a cross-modality feature fusion
block. Overall, the main contributions of this study are three-fold:

» We propose a lightweight 3D multi-modality brain tumor seg-
mentation model by considering the distinctiveness of different
modalities and their correlations. Our model adopts a four-branch
encoder structure, allowing the incorporation of modal-specific
attention mechanisms based on clinical knowledge. This design
ensures adaptability to handle cases where modalities are missing
or unavailable.

A novel cross-modality feature fusion block is designed based
on lightweight attention mechanisms. Specifically, features from
different modalities are fused at each layer and then feed to
decoder.

We conduct experiments on the BraTS2021 benchmark. The
experimental results demonstrate that the proposed framework
achieves superior or comparable accuracy compared to the state-
of-the-art while maintaining fewer parameters.

The rest of this paper is organized as follows. In Section 2, we review
research related to the proposed method. In Section 3, we provide an
overview of the proposed network structure and loss function. Section 4

presents implementation details, evaluation metrics, experimental re-
sults, and visualization analysis. In Section 5, we conclude the paper
by summarizing the main contributions, discussing its limitations, and
outlining directions for future work.

2. Related work

In this section, we briefly review existing methods from three
key aspects: segmentation model architectures, cross-modality fusion
methods, and attention mechanisms.

2.1. Brain tumor segmentation network

Brain tumor segmentation has benefited greatly from recent ad-
vances in deep learning, especially through CNNs, hybrid models, and
efficient sequence modeling frameworks. This section reviews repre-
sentative approaches from these three angles, with a focus on their
structural designs and practical strengths (see Table 1).

Convolutional neural networks (CNNs) have become the backbone
of medical image segmentation, particularly in brain tumor analysis
using 3D MRI scans. By leveraging the volumetric nature of MRI data,
3D CNNs effectively preserve spatial continuity and anatomical struc-
ture across slices. Urban et al. (2014) pioneered a multi-modal brain
tumor segmentation model by replacing traditional 2D convolutional
kernels with 3D kernels, enabling richer contextual learning from full
volumetric input. Building on this foundation, numerous models have
been proposed to enhance the expressive power and generalization
ability of 3D CNNs. Notable examples include Attention U-Net (Oktay
et al., 2018), which incorporates spatial attention to emphasize lesion
regions; UNet++ (Zhou et al., 2018), which enhances feature fusion
through nested and dense skip connections; and nnU-Net (Isensee
et al.,, 2021), an automated pipeline that adapts architectures and
training strategies to specific datasets. Despite these advancements,
conventional CNNs are inherently limited in capturing long-range de-
pendencies, which constrains their effectiveness in modeling complex
anatomical structures.

Therefore, in medical image segmentation, several Transformer-
based architectures have been proposed to enhance global contextual
understanding. TransBTS (Wenxuan et al., 2021) combines CNN-based
encoders with Transformer bottlenecks, enabling effective integration
of local and global features in 3D medical images. TransUNet (Chen
et al.,, 2021) embeds Transformer layers within a CNN backbone to
enrich semantic representation, while Swin-Unet (Hatamizadeh et al.,
2021) adopts hierarchical window-based attention for efficient con-
text modeling. Despite their promising performance, Transformer-based
models often suffer from high computational and memory costs, limit-
ing their scalability to high-resolution volumetric data and real-time
clinical applications.

Recently, the Mamba model (Gu and Dao, 2023) introduces a new
class of efficient sequence models with linear-time complexity and low
memory usage. Its medical extensions, such as U-mamba (Ma et al.,
2024) and LightM-UNet (Liao et al., 2024), adapt this framework for 3D
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Table 1

Comparison of representative models based on different architectural paradigms.
Type Networks Advantage Limitation
CNN based UNet3D (Ahmad et al., Strong locality Limited global

2021), nnU-Net
(Isensee et al., 2021),
UNet++(Zhou et al.,
2018), Attention U-Net
(Oktay et al., 2018)

modeling, low
computational cost,

and ease of training.

context modeling;
reduced
performance in
complex
multi-modal tasks.

Transformer TransBTS (Wenxuan

based et al., 2021),
TransUNet (Chen et al.,
2021), Swin-UNETR
(Hatamizadeh et al.,
2021)

Better global
dependency
modeling, enhanced
performance on
complex anatomical
structures.

High computational
cost, large
parameter size, and
slow convergence.

Mamba based U-mamba (Ma et al.,
2024), LightM-Unet

(Liao et al., 2024)

Efficient long

sequence modeling
with lower latency
than transformers.

Still in early stages
in medical imaging;
requires further
validation and

tuning.

segmentation by embedding Mamba modules into U-Net-style architec-
tures. These models aim to capture global context more efficiently than
traditional transformers. However, challenges remain due to the limited
size of medical datasets and the computational demands of processing
high-resolution 3D volumes.

Consequently, CNNs continue to serve as the primary architecture
for 3D MRI brain tumor segmentation. To achieve a balance between
segmentation performance and computational efficiency, transformer
components and other advanced modules are frequently embedded
within CNN-based encoder-decoder frameworks, rather than used as
standalone replacements.

2.2. Cross-modality fusion

In brain tumor segmentation, different modalities can provide dis-
tinct structural and functional information, which they can be com-
plementary to each other. Therefore, cross-modality feature fusion of
MRI has become an important topic for brain tumor segmentation.
The goal of fusion is to take advantages of different MRI modalities to
enhance the visibility and segmentation performance of tumor regions.
According to the level of information, cross-modality fusion strategies
can be divided into three levels. Pixel-level fusion (Badrinarayanan
et al., 2015) methods typically stack images from different modalities
in the channel dimension to form a single multi-channel input. These
inputs are then processed by convolutional neural networks or other
models for joint training, resulting in fused feature maps used for
segmentation tasks. However, these methods assume a simple linear
relationship among the modalities, and ignore the correlations between
different modalities (Chen et al., 2014; Wang et al., 2018).

The feature-level fusion technique uses each or a group of modal
images as input for training independent segmentation models. Sub-
sequently, the learned feature representations from each separate net-
work are combined within network layers. Finally, the fused output is
transmitted to the decision layer, which determines the final segmen-
tation results. It is thought that the feature-level fusion approach can
effectively take advantage of the intricate interaction between these
modalities (Chen et al., 2019b). Syazwany et al. (2021) incorporated
a bi-directional feature pyramid network into their four encoders- one
decoder architecture to realize cross-modality feature fusion. In Mo
et al. (2020), the authors proposed a cross-modality convolution to fuse
information among these modalities. A modality-aware module was
created by Zhang et al. (2021) to provide more effective information
sharing between various modalities.

Decision-level fusion involves integrating the results obtained from
individual modalities or models at the decision-making stage. Its aim
is to enhance the overall accuracy and reliability of the final decision
by leveraging the complementary information provided by different

modalities. For example, after training a single network for each modal-
ity, Nie et al. (2016) combined the features of all the upper layers of
the networks. Experimental results showed that the suggested model
outperformed earlier techniques in terms of accuracy. Kamnitsas et al.
(2018)utilized the majority voting technique to assign each voxel the
labels corresponding to the majority of the individual networks.

Recent work (Ullah et al., 2023; Yang et al., 2023; Zhu et al., 2024b)
has effectively demonstrated that, for medical image segmentation
tasks, the use of the middle-level fusion method, that is feature-level
fusion, performs better than input-level fusion. While compared with
decision-level fusion, feature-level fusion can better utilize the correla-
tions between various modalities at different scales. Therefore, we will
adopt a feature-level fusion mechanism in our work.

2.3. Attention mechanisms

The attention mechanism, borrowed from human perception and vi-
sual cognition, has become a standard tool in computer vision tasks, as
demonstrated in Syazwany et al. (2021), Vaswani et al. (2017), Havaei
et al. (2017), Jang and Cho (2024), Alwadee et al. (2025). In these
tasks, the main goal of attention mechanism is to generate channel or
spatial weight maps using the feature representations learned by neural
networks. To present a fused attention mechanism integrating spatial
and channel attention, Woo et al. (2018) created a convolutional block
attention module(CBAM) that is commonly employed in classification
or segmentation networks. Additionally, to help the network focus on
the regions of interest(ROIs), Oktay et al. (2018) designed a type of
Attention U-Net gate in the decoder, which can improve the segmenta-
tion performance. In conclusion, the attention mechanism is frequently
used to emphasize ROIs and suppress unimportant information.

In addition to feature representation, attention mechanisms have
also been adopted to realize multi-modality feature fusion (Mo et al.,
2020; Liu et al.,, 2022; Zhou et al., 2020). Mo et al. (2020) used
the attention mechanism for feature fusion after dividing the var-
ious modalities into primary and auxiliary modalities. Zhou et al.
(2020) created a fusion module based on the attention mechanism
after extracting the data from each of the four brain tumor modalities
independently. To address variations among multiple modalities for a
specific segmentation task, Liu et al. (2022) presented a multimodal
feature refinement module with attention-based modality selection fea-
ture fusion. For multi-modality fusion, a dual-branch hybrid encoder
incorporating a Modality-Correlated Cross-Attention block (MCCA) (Lin
et al., 2023) is created.

Given the powerful capability of the attention mechanism in fea-
ture extraction, we will employ it for both specific modal feature
representation and cross-modality feature fusion.
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Fig. 2. Overall model structure. The model adopts a U-shaped structure with a four-branch encoder, a cross-modality feature fusion module, and a shared decoder.

3. Method

The proposed segmentation model for brain tumors is shown in Fig.
2. It is built upon a 3D U-shaped structure, which is an end-to-end full-
convolution encoder-decoder network. A feature-level fusion strategy
is employed to thoroughly explore and utilize the information within
and across four modalities of MRI sequences. To extract independent
features from different modalities, we adopt a four-branch encoder
structure with three layers of convolution. Features from these modal-
ities are concatenated along the channel dimension and connected
to the decoder via skip links. The proposed Cross-Modality feature
fusion (CMFF) module is embedded in the skip connection to adaptively
capture interactions between modalities. In the bottleneck layer, high-
level feature maps from all four modalities are directly concatenated
after max-pooling. In the shared decoder, the fused encoder features,
enriched with detail information from the skip connections, are merged
with up-sampled features to reconstruct the segmentation results.

3.1. Multi-modality encoder

In MRI-based brain tumor segmentation tasks, the tumor region is
usually divided into three parts: enhancing tumor (ET), tumor core(TC),
and whole tumor(WT). TC includes enhancing tumor, necrosis, and
non-enhancing tumor (NET), while WT consists of TC and edema(ED).
Based on expert knowledge, it was observed that different modalities
have varying effects on these tumor regions. For instance, experimental
results (Tseng et al., 2017) indicate that T2 and T2Flair modalities
have better segmentation effects on WT. Therefore, simply stacking and
feeding multi-modal MRI sequences into the model may not effectively
exploit the significance of each modality for tumor segmentation. To
address this issue, our model adopts a non-interacting four-branch
encoder structure in the feature extraction process. This approach
aims to generate more discriminant features, while also ensuring high
adaptability to deal with the modality missing problem.

The multi-modality images are denoted by [Xr(, X71¢5 Xp2, Xpor]
and their corresponding encoders are denoted by [E;;, Erc, Epo,
Er,r]. Instead of having four convolutional layers as in the classical
3D U-Net, each encoder consists of only three 3D convolutional layers
followed by max-pooling to generate feature maps with four-level
resolutions. The purpose is to create a lightweight model and prevent

overfitting. In each layer, the ConvBlock (Zhao et al., 2022) can be

expressed as:.
ConvBlock(F) = 6(BN (Conv3D3*¥3(F))). 1

Based on clinical knowledge in radiology, the T1C sequence is
suggested to be more effective in diagnosing brain tumors compared
to other modalities. This modality offers improved contrast between
healthy and abnormal tissues, aiding in the accurate identification and
assessment of brain tumors. In semantic segmentation tasks, the advan-
tages of the T1C sequence become more apparent. Its high contrast and
clear delineation of tumor boundaries make it particularly well-suited
for accurately segmenting the tumor core and areas of enhancement.
Therefore, the T1C sequence plays a crucial role in guiding therapeutic
decision-making and monitoring the progression of brain tumors. To
further enhance the effectiveness of the T1C modal encoder, we intro-
duce a lightweight channel attention module (CAM) in E ¢, as shown
in Fig. 3. (W, H, and D stand for the three spatial dimensions of width,
height, and depth, respectively. C stands for the number of channels.)

The CAM block can be formulated by Eq. (2)

Mcawm (Fl, ) = Sigmoid (MLP (AvgP (F{ ) +MLP (MaxP (F|_))). (2)

The MLP used in the CAM consists of two fully connected layers:
the first layer reduces the channel dimension from C to C/r (where
r=16 in our experiments) with a ReLU activation, and the second layer
projects it back from C/r to C without any activation.

Then the procedure of each layer in is as Eq. (3)

FT = ConvBlock (MaxP (F’Tllc)) @

! ! !
Fr1c =Mcam (FT1C> ®FT1C + FTIC

where / denotes the convolutional block layer level and ® stands for
multiplication of elements. F/~'. and F/. . represent the output feature
maps of layer / — 1 and layer / of Ey,(, respectively.

3.2. Bottleneck layer

Different from the classical U-net-like structure, we keep the en-
coder lightweight by employing only three convolutional layers. Conse-
quently, the multimodal features obtained from the third convolutional
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layer are directly concatenated after max-pooling. The process within
the bottleneck layer is defined as follows.

F;‘l = MaxP (Fil)

F‘}IC = MaxP (F;IC) @
13“;2 = MaxP (F3T2)
Fi . =MaxP (F3,,)

Fprige = ConvBlock ( Concat (F;I’F%C’F;"Z’ FA‘4T2F>> ’ 2

where Concat(-) denotes the concatenation operation.
3.3. Cross-modality feature fusion module

Fusing features from different modalities is crucial for multi-modality
MRI sequences. We designed a fusion module based on attention mech-
anisms to highlight the data that significantly contribute to brain tumor
segmentation across various channels, spatial dimensions, and modal-
ities. The proposed module for cross-modality feature fusion (CMFF),
as illustrated in Fig. 4, consists of three stages: feature concatenation,
attention, and feature fusion.

First, the concatenation of each output from the convolutional block
of each modality is done as follows.

FI

Fl TZF) :

I _ ! !
Fin = Concat (F F T2

T’ TI1C?

©

And then, this concatenated tensor serves as the input for the
cross-modality attention module(CMAM), allowing the fusion of fea-
tures across channel, spatial and modalities. CBAM (Convolutional
Block Attention Module) (Woo et al., 2018) is a lightweight archi-
tecture that uses a combination of channel and spatial attention to
improve the performance of convolutional neural networks. Inspired
by the CBAM, we propose a novel lightweight attention module that
incorporates a modality attention module (MAM) into CBAM. This
MAM assigns varying weights to different modalities across modal

fusion sections. Let Mc 4, Mg and My, 4, represent the channel
attention module(CAM), spatial attention module(SAM) and modality
attention model(MAM), respectively. The overall attention process can
be summarized as follows,

Fean =Mcan (F,,) ®F,
l _ ! !
FSAM =Mgam (FCAM) ® FCAM ’ @

! _ ! I

FMAM =Mpyam (FSAM) eaFSAM
where ® stands for multiplication of elements, and @ represents
element-wise addition. At last, the final cross-modality fused feature
is calculated as follow:
Fl

out

_ !
= ConvBlock (FM AM

).

The attention values are broadcast in accordance with the multi-
plication process: modality attention values are broadcast along the
spatial and channel dimension. The computing procedure for each at-
tention module are explained in the following. In practical applications,
the feature fusion module in each layer can adopt different configura-
tions of attention mechanisms, which provides great flexibility.

(®

3.3.1. Channel attention module(CAM)

We employ the same channel attention module as used in the T1C
encoder, with the only difference being that the input has changed
from single T1C modality to multi-modality features. CAM block is
formulated by Eq. (9)

Fl

cam =Mcam (an) ® Fén' (C)]

3.3.2. Spatial attention module (SAM)

Spatial attention allows model to concentrate on particular areas
of an input image. The fundamental idea behind spatial attention is
to enhance the performance of the model by using a gating mechanism
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that can pick out or concentrate on particular areas of the input picture.
SAM block is demonstrated in Fig. 5 and formulated by Eq. (10)

Mg aps (FL45y) = Sigmoid (Conv3D™™7 (AvgP (FL., ;)
+ MaxP (FCAM)))
=Msam (Feanr) ® Fean-

(10)

!
FSAM

3.3.3. Modality attention module (MAM)

After the contacted modal feature passes through the CAM and SAM
attention modules, the feature map Ff,, & RO>WxD js generated.
The Modality Attention Module(MAM) takes Fs am € RCXH XWxD ag
input and splits it into four feature maps [FTI, F’T1 o FTZ, op] corre-
sponding to four modalities, respectively, with dimensions of [C/4, H,
W, D]. Then, each modality feature tensor passes through an adaptive
average pooling layer with a stride of 1, which reduces spatial dimen-
sions from HxW x D to 1 x 1 x 1. Further, the channel dimensions are
compressed from C/4x HXW x D to 1 x1x1x1 by using global average
pooling(GAP), which directly obtains the scalar weights of each modal.
Then, the fusion feature map is generated by multiplying the feature
map of each modallty[FTl, TI o ﬁ"m, Tor] with the corresponding
weight [ayy, @y ¢, @y, op, | . Finally, the weighted modal feature maps
are concatenated and the resulting feature map has dimensions of
C x HxW x D. MAM block is demonstrated in Fig. 6 and formulated
by Egs. (11) and (12). Modality attention can make the fusion process
pay more attention to the importance of different modalities.

B fal
FTl =071 ®FT1

B £l
Fric = oric ®Fp ¢

an)

B ol
¥y =ar ®Fp,
B _ ]
Frop =arr ® ¥,

The output of the MAM block is

! _ !
Fyrap = Concat (FTI’FTIC’FTZ’FTZF) +Fsum a2

3.4. Shared decoder

As symmetrical to the encoder, the decoder also consists of three
convolution layers. Each basic module includes two 3D convolutions,
followed by a batch normalization layer and an activation layer. After
transposed convolution, the outputs of the feature fusion block are
concatenated with the feature maps of corresponding decoder layers. At
last, the feature map is passed through a 3D convolution layer to obtain

the final segmentation result, which can be formulated as follows:

F% = ConvBlock (Concat (F3

out » TranConv (Fbridge ))

TranConv (F%) )

out ’

, 13)

FID = ConvBlock (Concat ( TranConv (F%))

out ’

(

F% = ConvBlock (Concat (
(
3

F,., = Conv>*3¥ (F1 )

seg

where F,

seg 18 the segmentation map for the brain tumor.

3.5. Loss function

The loss function used in this research is the combination of dice
and cross entropy loss:

Lot = @Lgice + (1 —a)Lcg, 14)

where « represents the weight of Dice loss.

Because the dice loss ignores a considerable number of background
pixels when computing the intersection ratio, it could solves the prob-
lem of imbalanced positive and negative samples. L, is calculated as:

K
_ 2%, Tien P

K K :

2k Zien 1’5’( + 2% DZien g:‘

The cross-entropy loss L. is often used to solve the classification
problem of multiple labels, which is calculated as:

N K
LCE=—zzgf(10g(Pf‘)
i k=1

where K represents the number of tumor regions, N represents the
number of voxels. gf‘ denotes the ground truth, and pf.‘ denotes the
probability prediction for class k of the i th voxel. In the experiments,
we set & = 0.5

(15)

Lgjce =

(16

4. Experimental analysis
4.1. Dataset

The experiment was conducted on the publicly available BraTs2021
dataset from MICCAI, which consists of 1251 patients. The dataset was
divided into three groups, and the ratio of training set, validation set
and test set was 8:1:1. The dataset includes 3D scans with images of size
155 x 240 x 240 pixels and contains four modalities of MRI images
(T1, T1C, T2, T2Flair), as illustrated in Fig. 1. The tumor region is
segmented into three distinct sub-regions, denoted by the colors green,
blue, and red. Specifically, the green region corresponds to edema (ED),
the blue region signifies the enhancing tumor (ET), and the red region
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Label 0: Background

Fig. 7. Illustration of tumor regions.

represents the non-enhancing tumor (NCR&NET). To comprehensively
assess the segmentation accuracy, the tumor is further classified into
three categories: ET, tumor core (TC) including both ET and NCR&NET,
and the whole tumor (WT) including all three sub-regions, as shown in
Fig. 7.

4.2. Data processing and training strategy

In this paper, the public dataset is randomly divided into three sets,
with 0.8 used for training set, 0.1 used for validation, and 0.1 used for
testing. Since the contrast of the four modalities in the dataset varied,
each modality was normalized using the Z-score method. The data were
then averaged and normalized to have an average of 0 and a standard
deviation of 1.

All of the experiments were carried out with the NVIDIA GeForce
RTX 3090 GPU and Adam (Ding et al.,, 2021) as the optimizer on
the Pytorch 1.10 platform. During training, each input sequence was
randomly cropped into a size of 128 x 160 x 160, and random
rotation(90°, 180° and 270°), mirror flip, and strength offset were
performed with a probability of 0.01. The number of training epochs is
set 60, with a batch size of 1. During the training process, a weight

decay of 5e-4 was employed, and the nnUnet (Woo et al., 2018)
learning rate strategy was adopted. Initially, a learning rate of 4e-3 was
set, which gradually decayed to 2e-3 prior to termination.

4.3. Evaluation metric

(1) Dice Coefficient(Dice): a measure of set similarity. It offers
insights into how closely the segmented regions of two samples align
when compared.

2% [Vpn Vg
Vel + Vsl
where V; and V), represent the point sets of ground truth and prediction

segmentation, respectively.

(2) Hausdorff Distance (HD): a measure of the similarity between
two sets of points, which is defined as

Dice = a7

H (Vp,Vg) =max (h (Vp.Vg) . h (Vg.Vp)). (18)

where || -|| is the distance metric between point sets V' and V; (e.g., L2
or Euclidean distance).

h (V0 V) =gg},>f{gg§ ||p—g||}. 19
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Table 2
Intra-modality Channel attention modules are added to different modality.

Method Dice(%) 1
ET TC WT Avg
Base 83.43 86.91 90.34 86.89
Base+T1-CAM 83.35 86.24 90.88 86.82
Base+T1C-CAM 84.76 87.95 90.97 87.89
Base+T2-CAM 83.51 85.82 91.45 86.92
Base+Flair-CAM 82.83 85.58 91.85 86.75
Base+(T1C+F)-CAM 84.15 87.26 91.22 87.54
h(Vg,V,) = max < min ||g — . 20
(Ve.V,) max {peV, g pll} (20)

When it comes to evaluating medical image segmentation, the Haus-
dorff distance exhibits greater sensitivity toward the segmented bound-
ary, whereas the Dice coefficient demonstrates a stronger focus on the
internal filling of the mask.

(3) Intersection over Union (IoU): the spatial overlap between the
predicted and ground truth masks is quantified as

[Ve n V5|

[Vp U Vs|
(4) Recall (Re): It reflects the sensitivity of the model, which is

defined as

Re = L

TP+ FN

(5) Accuracy (Acc): It indicates the model’s overall performance

in accurately identifying both positive and negative pixels, which is

defined as

ToU = (21

(22)

Ace = TP+TN ’ (23)
TP+TN+FP+FN

where TP, FP, and FN refer to the true positive, false positive, and false
negative, respectively.

4.4. Ablation experiment

We conducted several ablation experiments to evaluate the effec-
tiveness of the main components including the proposed T1C-CAM,
different configurations of cross-modality feature fusion block, and the
number of convolution layers.

4.4.1. Effectiveness of intra-modality attention in encoder

In this subsection, we evaluated the performance of the Channel
Attention Module (CAM) across different modalities in the encoders.
The backbone of the proposed network without any attention module
is used as the baseline method, and then add CAM to different modality
encoders to validate their effects. From Table 2, it is obvious that the
T1-CAM method did not show improvement compared to the baseline
and even exhibited a slight disadvantage. However, employing T1C-
CAM increases the Dice scores for ET, TC, and WT by 1.33%, 1.04%
and 0.63%, respectively. Similar results were obtained by incorporating
T2-CAM and Flair-CAM, with notable increases in Dice scores for WT
by 1.11%, and 1.51%, respectively, but without improvement for ET
and TC. Furthermore, when channel attentions were applied simul-
taneously to T1C and Flair modalities, improvements in Dice scores
were observed for all ET, TC, and WT regions. These experimental
results are consistent with the prior knowledge that T1C and Flair
are more conducive to segmenting tumor core and edema regions,
respectively, resulting in noticeable improvements in segmentation
performance. Consequently, considering the overall performance and
model lightweight, channel attention was exclusively integrated into
the encoding part of T1C.
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Table 3

Cross-modality attention modules are added to the feature fusion block. The
red, blue, and teal colors represent the top-1, top-2, and top-3 performance
respectively.

Dice (%) 1t

Method
ET TC WT Avg

Base 84.77 87.96 90.92 87.88
Base+CAM+SAM 85.63 88.53 91.25 88.47
Base+CAM+SAM+MAM 84.77 88.52 91.66 88.32
Base+MAM+CAM+SAM 84.83 88.64 91.65 88.37
Base+MAM(L2)+CAM+SAM 85.86 89.47 91.53 88.95
Base+CAM+SAM+MAM(L2) 85.97 89.98 91.64 89.20

4.4.2. Effectiveness of cross-modality attention in feature fusion block

To evaluate the effectiveness of various attention component con-
figurations within the cross-modality feature fusion (CMFF) block, an
ablation study was conducted. For this experiment, we use the selected
model (Base+T1C-CAM) in the last subsection as the base method.
Subsequently, we introduce attention components at various positions
to evaluate their effects.

» Base+CAM+SAM: Just adding channel attention module (CAM)
and spatial attention module (SAM) to the feature fusion block in
each layer.

» Base+CAM+SAM+MA: Further adding modality attention module
(MAM) to the feature fusion block in each layer.

» Base+MAM+CAM+SAM: Changing the position of modality at-
tention module (MAM).

» Base+MAM(L2)+CAM+SAM: The modality attention module is
incorporated only in the middle layer(L2).

» Base+CAM+SAM+MAM(L2): Changing the position of modality
attention module(L2).

Table 3 presents the objective comparison of these methods. It is
obvious that each method has achieved some improvements in segmen-
tation. For example, by adding the channel and spatial attention at each
layer, the Dice scores of three tumor regions are increased obviously.
Moreover, by adding the modality attention module, the segmentation
performance of WT regions has reached its peak (91.66%). Among
them, the baseline model has the lowest segmentation accuracy, while
the last method achieves the best results with Dice scores for ET, TC,
and WT, increasing by 1.2%, 2.02%, and 0.72%, respectively.

Overall, the ablation experimental results show the effectiveness of
the attention mechanism in cross-modality feature fusion, which can
guide the model to pay more attention to the information that is more
useful for segmentation, whether it is channel and spatial attention or
modality attention. Additionally, the results also indicate that introduc-
ing modality attention (i.e., a scalar for each modality) during feature
fusion at intermediate layers leads to the best performance. This is
because the middle-layer features not only contain detailed low-level
information, but also contain rich semantic information. Therefore, the
last method is adopted in our final model.

4.4.3. Holistic ablation experiment

To further verify the effectiveness of each technical novelty in the
proposed model, an ablation study is conducted in this subsection.
(1) is the baseline model without T1C-CAM and CMAM. (2) is the
baseline model with T1C-CAM. (3) is the proposed model with a 4-layer
convolutional architecture. (4) is our final model.

As evident from Table 4, the integration of attention mechanisms in
both feature detection and fusion stages leads to a substantial improve-
ment in Dice scores. However, when comparing models (3) and (4), it is
observed that incorporating more convolutional layers does not result
in an improvement in segmentation performance. Conversely, there is
a slight decrease in performance, especially for the TC. This indicates
that for medical image segmentation with limited training samples, an
excessive number of convolutional layers may lead to overfitting.
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Table 4
Ablation studies on layers of convolution, T1-CAM and CMAM.

Ablation Dice(%) 1
Model Conv Layers T1-CAM CMAM ET TC WT
(€8] 3 83.43 86.91 90.34
(2) 3 v 84.77 87.96 90.92
3 4 v v 85.19 88.34 91.20
@ 3 v 4 85.97 89.98 91.64
Table 5
Ablation experiments on modality missing.
Modality Dice (%) 1 HD95 (mm) |
T1C T1 T2 FLAIR ET TC WT ET TC WT
v v v v 85.78 89.02 91.04 2.42 2.56 2.41
v X v v 82.74 85.79 89.79 3.71 3.66 2.94
v v X v 82.53 85.24 85.10 5.60 5.66 9.99
v 4 v X 82.08 79.64 71.04 5.19 15.84 16.81

4.4.4. Ablation experiments on modality missing

Table 5 presents the results of an ablation study designed to evaluate
the model’s robustness to missing imaging modalities during inference.
All models were trained using the complete set of four modalities (T1,
T1C, T2, and FLAIR), while testing was conducted under conditions
where one modality was selectively removed.

When all modalities are available during testing, the model achieves
its best performance across all metrics . Removing T1 during testing
causes only a slight performance drop, indicating that T1 contributes
less to final segmentation than other modalities. In contrast, removing
T2 or T2Flair leads to a more substantial degradation, especially in
the WT region (Dice drops to 85.10% and 71.04%, respectively). This
suggests that T2 and FLAIR provide critical information for delineating
the full tumor extent. In terms of HD95, missing FLAIR results in the
largest spatial prediction error, particularly for WT and TC (15.84 mm
and 16.81 mm, respectively), highlighting its importance in spatially
accurate tumor boundary estimation.

Overall, the results indicate that the model exhibits a certain degree
of generalization under partial modality absence; however, the FLAIR
sequence is essential for achieving reliable whole tumor segmentation,
particularly in terms of boundary accuracy. These findings empha-
size the necessity of incorporating modality-specific robustness into
multi-modal segmentation models, especially for real-world clinical
deployment where certain modalities may be unavailable.

4.5. Comparative experiment

In this subsection, we compare our proposed model with six other
methods, including UNet3D (Ahmad et al., 2021), Attention Unet (Ok-
tay et al., 2018), nnU-Net (Isensee et al., 2019), UNet++ (Zhou et al.,
2018), TransBTS (Wenxuan et al., 2021), and LightMUnet (Liao et al.,
2024). All of these models were re-implemented based on the re-
leased codes. The experiments were conducted on the same computer
hardware with identical learning rates and dataset assignments. The
quantitative and qualitative results were obtained without any post-
processing. Due to memory limitations, the input size for TransBTS is
set as 128 x 128 x 128.

4.5.1. Quantitative comparison results

As shown in Tables 6 and 7, the proposed model obtains more com-
petitive performance compared with other models. Among all models,
our model obtains the best results in average Dice scores of 85.92% for
enhancing tumor, 89.50% for tumor core, and 93.12% for whole tumor.
In particular, the proposed model outperforms the others on all metrics
for ET and TC, with the only exception being a slightly lower recall than
the LightM-Unet. Additionally, compared to TransBTS, which combines
Transformer and U-Net, our model outperforms it on almost all metrics,
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just except for the sensitivity of WT. This highlights the superior
performance of our model. However, these results may be affected by
the resolution of the input image. Furthermore, compared with the
latest model LightM-Unet, our proposed model also has comparable
performance.

4.5.2. Qualitative comparison results

In order to provide a qualitative comparison of the models’ per-
formance, we visualized some sample segmentation results and their
corresponding ground truths in Fig. 8. It can be observed that the
segmentation results generated by our proposed model are closer to
the ground truth when compared to the other models. Particularly, the
proposed model obtains more accurate green regions.

We also demonstrate the comparison of the 3D volumetric segmen-
tation results with the ground truth in Fig. 9. As can be seen, the 3D
tumors generated by our model is very close to the ground truth.

4.5.3. Comparison of model parameters

Table 8 provides a comparison of the parameter counts for classi-
cal Unet series models and hybrid models. TransBTS has the largest
parameter count at 32.99M, reflecting the computational burden of-
ten associated with Transformer based models. In contrast, classical
convolutional models such as UNet3D (3.68M) and UNet++ (6.87M)
demonstrate much lower parameter complexity, making them more
lightweight and efficient. Our model with 4 convolutional layers has
8.04M parameters, lower than Attention UNet and TransBTS, while
offering a good balance between capacity and efficiency. The 3-layer
version reduces the size to 3.66M, comparable to UNet3D, and is
the most compact among the compared methods. Notably, LightM-
UNet, a recent lightweight model, has 6.15M parameters, which is still
higher than our 3-layer design. This suggests that our method achieves
competitive or even superior parameter efficiency while supporting
scalable design based on application needs.

4.5.4. Discussion

The model proposed in this study is more accurate in the detailed
segmentation of the red necrotic area and better in enhancing the blue
tumor area compared to other models. Due to the modality attention
assigning different weights to different modalities in a certain propor-
tion, according to the analysis of intermediate data in the experimental
process, the attention matrix output by the modal attention layer
assigns more weight to the Tlce sequence, which is approximately
1.5 times more than other modalities. The T1C sequences have more
obvious characteristic information for the segmentation of ET and TC,
and the details of the red and blue parts of the segment are more
accurate.

5. Conclusion

In this paper, we present a novel 3D lightweight network for brain
tumor region segmentation from multi-modality MRI. To learn the
modal-specific features, the clinical knowledge-inspired multi-branch
encoder is adopted. By simply introducing channel attention into
the T1C modality, obvious improvement can be obtained. To real-
ize the modality fusion efficiently and effectively, we propose the
cross-modality feature fusion (CMFF) module based on a lightweight
attention mechanism in channel, spatial, and modality dimensions.
To further make the 3D model light, only three layers of convolu-
tion are used. Compared with other SOTA methods on BraTS21, our
method works better or has comparable performance in brain tumor
segmentation tasks.

Despite the promising results, our method still has several limita-
tions. The current framework does not explicitly enforce the learning
of causally stable features, which may limit its robustness under distri-
bution shifts. All experiments are conducted on public datasets, which
may not fully reflect the variability and noise in real-world clinical
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Fig. 8. Visualization of quantitative results on BraTS21, where yellow box used to observe the segmentation details, and the colors green, blue, and red correspond
to ED, ET and NCR/NET regions, respectively.
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Fig. 9. 3D visualization of our model’s segmentation results. The top row is shows the ground truth. The bottom row shows our segmentation results.

Table 6

Performance comparison of different segmentation models on the BraTS21 dataset using Dice (%) and HD95 (mm) across three

tumor subregions.

Model Dice (%) 1t HD95 (mm) |
ET TC WT ET TC WT
UNet3D 82.32 + 0.17 86.16 + 0.23 90.16 + 0.34 3.20 + 0.16 2.64 + 0.19 2.14 + 0.19
Attention-Unet 83.38 + 0.48 86.47 + 0.66 90.82 + 0.27 2.78 + 0.45 2.63 + 0.28 2.51 + 0.22
nnU-Net 83.66 + 0.23 87.37 + 0.25 92.16 + 0.11 3.60 + 0.19 2.69 + 0.11 3.84 + 0.14
UNet++ 80.05 + 1.49 83.19 + 2.16 87.33 + 2.20 2.89 + 0.50 2.84 + 0.44 3.53 + 0.81
TransBTS 78.50 + 0.54 81.71 + 0.54 89.45 + 0.46 6.07 + 0.03 8.53 + 0.19 5.42 + 0.26
LightM-Unet 85.78 + 0.07 89.33 + 0.39 92.39 + 0.51 2.71 + 0.45 2.24 + 0.76 2.42 + 0.40
Ours 85.92 + 0.18 89.50 + 0.43 93.12 + 2.66 2.47 + 0.73 2.59 + 0.61 2.64 + 0.17
Table 7

Performance comparison of different segmentation models on the BraTS21 dataset using IoU (%), Sensitivity (%) and Accuracy

(%) across three tumor subregions.

ToU (%) 1

Sensitivity (%) 1

Model ACC (%) 1
ET TC WT ET TC WT
UNet3D 72.15 + 0.12  80.38 + 0.20  84.18 + 0.19 7457 + 1.25  86.37 + 1.02  90.29 + 0.97  96.23 + 0.45
Attention-UNet ~ 75.05 + 0.16  80.48 + 0.78  85.11 + 0.49  74.10 + 0.05  84.61 + 1.20  89.54 + 0.52  97.23 + 0.22
nnU-Net 70.16 + 0.06 ~ 82.53 + 0.47 8599 + 0.38 7415+ 1.13  86.60 + 0.88  90.52 + 0.65  96.89 + 0.25
UNet++ 72.35 + 1.04  77.58 + 1.56  81.88 + 1.98  74.46 + 3.58  80.72 + 1.92  85.07 + 2.69  96.96 + 0.66
TransBTS 69.98 + 0.39  79.25 + 0.14  81.79 + 0.40  72.83 + 1.45  84.89 + 1.12  91.59 + 0.85  95.73 + 0.73
LightM-Unet 76.74 + 0.89  83.32+ 0.63  87.16 + 0.80  76.76 + 1.89  90.11 + 4.84  91.25 + 1.81  97.38 + 0.43
Ours 77.99 + 0.24  83.58 + 0.08  85.22 + 0.22  79.34 + 0.24  87.11 + 2.68 89.64 + 1.13  97.23 + 0.28
Table 8 and practical applicability in real-world brain tumor segmentation
Model parameters. tasks.
Model Parameters
UNet3D 3.68 M CRediT authorship contribution statement
Attention Unet 1475 M
Unet++ 687 M Yawen Fan: Writing — review & editing, Writing — original draft,
TransBTS 3299 M . .. s ..
LightM-Unet 615 M Methodology, Formal analysis. Chenziyi Huang: Writing — original
Ours (4 Conv Layers) 8.04 M draft. Xiang Wang: Data curation. Chaoyuan Wang: Methodology.
Ours (3 Conv Layers) 3.66 M Quan Zhou: Methodology. Jianxin Chen: Software, Conceptualiza-

environments. In future work, we plan to design a causality-driven
learning framework that facilitates the extraction of modality-invariant
and causally stable features, with the goal of enhancing robustness
against modality variability and dataset bias (Qu et al., 2024). Addi-
tionally, we aim to develop adaptive modules to handle incomplete
modality inputs (Yang et al., 2023; Chen et al., 2019a). Importantly, we
will validate our method on multi-center clinical data collected from
real hospital settings, to better evaluate its generalization capability
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