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ABSTRACT

Accurate brain tumor segmentation from MRI scans is critical for effective diagnosis and treatment planning.
Recent advances in deep learning have significantly improved brain tumor segmentation performance. However,
these models still face challenges in clinical adoption due to their inherent uncertainties and potential for errors.
In this paper, we propose a novel MR brain tumor segmentation approach that integrates multi-modal data fusion
and uncertainty quantification to improve the accuracy and reliability of brain tumor segmentation. Recognizing
that each MR modality contributes unique insights into the tumor’s characteristics, we propose a novel modality-
aware guidance by explicitly categorizing the modalities into "teacher" (FLAIR and T1c) and "student" (T2 and
T1) groups. Since the teacher modalities are the most informative modalities for identifying brain tumors, we
propose a multi-modal teacher-student fusion strategy. This strategy leverages the teacher modalities to guide the
student modalities in both spatial and channel feature representation aspects. To address prediction reliability,
we employ Monte Carlo dropout during training to generate multiple uncertainty estimates. Additionally, we
develop a novel uncertainty-aware loss function that optimizes segmentation accuracy while quantifying the
uncertainty in predictions. Experimental results conducted on three BraTS datasets demonstrate the effectiveness
of the proposed components and the superior performance compared to the state-of-the-art methods, highlighting
their potential for clinical application.

1. Introduction

A brain tumor refers to an abnormal mass or collection of cells

as a gold standard in the diagnosis and evaluation of brain tumors.
With its superior soft tissue contrast and multi-planar imaging capabil-
ities, MRI provides detailed anatomical information essential for accu-

that develop within the brain, these tumors can either be malignant or
benign. According to the World Health Organization (WHO), gliomas
are classified into four grades based on microscopic images and tu-
mor behaviours. Grades I and II are categorized as Low-Grade Gliomas
(LGGs), which exhibit characteristics similar to benign tumors with
a slow growth rate. In contrast, Grades IIl and IV are designated as
High-Grade Gliomas (HGGs), characterized by aggressive and cancer-
ous behaviour [1,2]. Magnetic Resonance Imaging (MRI) has emerged
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rate tumor localization, characterization, and assessment of surrounding
structures [3]. Commonly used MR modalities include fluid attenuation
inversion recovery (FLAIR), T1-weighted (T1), contrast-enhanced T1-
weighted (T1c) and T2-weighted (T2), as depicted in Fig. 1. It can be ob-
served that each modality highlights different tissue properties and can
reveal distinct aspects of brain anatomy and pathology. For instance,
FLAIR and T2 are particularly useful for detecting lesions in regions
with high water content, such as edema. Tlc and T1 are typically used
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Fig. 1. The multi-modal MR modalities include FLAIR, T1c, T2, and T1, categorized into teacher (FLAIR, T1c) and student (T2, T1) modalities. Ground truth (GT)
annotations are: edema (ED, green), necrotic and non-enhancing core (NCR&NET, red), and enhancing tumor (ET, yellow).

for identifying tumor core, such as enhancing tumor, necrotic and non-
enhancing tumor. In addition, FLAIR and T1c are the most informative
modalities for identifying brain tumor, providing a comprehensive view
that combines the advantages of both high water content sensitivity
and enhanced anatomical detail. Most existing teacher-student frame-
works in medical imaging primarily address domain adaptation (e.g.,
transferring knowledge from labeled to unlabeled data) or model com-
pression (e.g., distilling large models into smaller ones). However, these
frameworks do not fully exploit the hierarchical diagnostic relation-
ships among MRI modalities. Therefore, our method introduces a novel
modality-aware guidance by explicitly categorizing MRI modalities into
teacher-student groups based on their diagnostic value, where teacher
modalities (FLAIR and Tlc) guide student modalities (T2 and T1) at
both spatial and channel levels. By combining information from these
modalities, clinicians can obtain a comprehensive assessment of brain
structure and pathology, aiding in diagnosis, treatment planning, and
monitoring of disease progression [4,5].

Accurate segmentation of brain tumors is a critical task in medical
image analysis, essential for diagnosis, treatment planning, and moni-
toring of patient progress. Traditional methods for brain tumor segmen-
tation often rely on manual delineation by radiologists, which is not
only time-consuming but also prone to inter-observer variability. Re-
cent advances in deep learning have significantly improved the automa-
tion and accuracy of segmentation tasks [6-8]. However, these models
still face challenges in clinical adoption due to their inherent uncer-
tainties and potential for errors. In this context, leveraging uncertainty
quantification becomes crucial, it can provide a quantifiable measure of
confidence in the model’s predictions, allowing clinicians to better as-
sess the reliability of automated segmentation results [9]. For example,
in critical treatment planning steps such as radiotherapy dose mapping
or surgical margin definition, understanding the uncertainty associated
with the tumor boundary can help clinicians avoid under-treatment or
over-treatment. Moreover, in follow-up scenarios, tracking changes in
uncertain regions over time can support early identification of recur-
rence or treatment response.

To this end, this paper explores the integration of uncertainty quan-
tification into a brain tumor segmentation network. Specifically, we
employ Monte Carlo (MC) dropout during training to generate uncer-
tainty estimates. Moreover, we introduce a novel uncertainty-aware
loss function tailored to this specific task. By minimizing prediction er-
rors while simultaneously quantifying uncertainty, the proposed method
aims to produce both segmentation results and uncertainty quantifica-
tion. These outputs can be visualized and reviewed by radiologists to
support decision-making, especially in borderline or ambiguous cases.
Additionally, we propose a multi-modal teacher-student fusion strategy
to leverage complementary information across multiple MR modalities.
This strategy enables a more informed feature alignment across modal-
ities, unlike conventional fusion strategies (e.g., concatenation, atten-
tion) that lack explicit modality hierarchies. By leveraging this modality-
aware supervision, our approach better mimics how radiologists cor-
relate sequences to reach a comprehensive diagnostic understanding.

By modeling inter-modality dependencies more effectively, the network
can produce clinically consistent and structurally coherent tumor seg-
mentation. The contributions of this work are summarized as follows:

(1) A novel deep learning-based neural network is proposed for seg-
menting brain tumors using multiple MR modalities. By leveraging the
complementary information from sequences such as T1, Tlc, T2, and
FLAIR, the model achieves more accurate and anatomically consistent
segmentation, supporting critical clinical tasks like diagnosis, surgical
planning, and radiotherapy targeting.

(2) A multi-modal teacher-student fusion strategy is proposed to ex-
ploit the complementary information across different MR modalities.
This design enables more effective cross-modality feature alignment,
enhancing the model’s ability to mimic the way radiologists integrate
multi-sequence MRI data for comprehensive tumor assessment.

(3) A novel uncertainty-aware loss function is proposed to not
only optimize segmentation accuracy but also quantify voxel-wise pre-
dictive uncertainty, providing valuable insights into the reliability of
segmentation results. These uncertainty maps offer clinicians inter-
pretable confidence estimates, which can guide further manual inspec-
tion, assist in risk-aware decision-making, and improve trust in auto-
mated tools.

This paper is structured as follows: Section 2 comprehensively re-
views current methodologies in brain tumor segmentation and uncer-
tainty quantification. Section 3 details our proposed segmentation net-
work. Section 4 describes the experimental setup. Section 5 provides a
thorough analysis of the experimental results. Section 6 discusses the
proposed method with the limitations and future work. Section 7 con-
cludes this paper.

2. Related works
2.1. Brain tumor segmentation

Brain tumor segmentation plays a critical role in medical image anal-
ysis, aiding diagnosis and treatment planning. Deep learning methods
have gained prominence due to their ability to learn complex patterns
from multi-modal imaging data, enhancing segmentation accuracy and
efficiency. The U-Net [10] architecture pioneered this field, providing
an effective framework with encoder-decoder architecture and skip con-
nections for precise localization and contextual preservation. Various
adaptations have emerged to address specific challenges in brain tumor
segmentation. For instance, Allah et al. [11] proposed an edge U-Net to
enhance tumor localization by integrating boundary-related MRI data
with main MRI data. Zhang et al. [12] proposed to combine transformer
and U-Net for spatial dependency capture and computational efficiency.
Ma et al. [13] proposed a dual graph reasoning unit, consisting of a spa-
tial reasoning module and a channel reasoning module, to refine brain
tumor segmentation. Zhou et al. [7] proposed a multi-modal brain tu-
mor segmentation network via disentangled representation learning and
region-aware contrastive learning for multi-modal brain tumor segmen-
tation. Zhou et al. [14] proposed a boundary-aware multi-modal brain
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tumor segmentation network that integrates boundary-specific modules
to capture, refine, and enhance complex tumor boundaries. Addition-
ally, a cross-feature fusion mechanism is employed to effectively exploit
complementary information from multiple MRI modalities. Similarly,
Zhu et al. [15] proposed a novel framework that integrates multi-module
information enhancement and boundary shape correction within a deep
convolutional network, demonstrating its effectiveness in diverse med-
ical image segmentation tasks. Li et al. [16] proposed a lightweight Vi-
sion Mamba U-Net that incorporates a rotation-enhanced Mamba mod-
ule and a correlated feature fusion mechanism. This design effectively
addresses the Mamba module’s limitations in capturing fine-grained lo-
cal details while simultaneously reducing computational costs. Zhu et
al. [17] proposed a probability map-guided network for 3D volumetric
medical image segmentation, which leverages probability-based super-
vision, adaptive reconstruction, and dynamic feature fusion to achieve
superior segmentation accuracy and robustness.

In addition, attention mechanisms have emerged as powerful
tools for improving brain tumor segmentation, such as spatial atten-
tion [18], channel attention [19] and hybrid attention [20]. These
mechanisms enable the network to dynamically adjust the impor-
tance of different parts of the input image, thereby improving seg-
mentation accuracy and robustness. For example, Zhou et al. [21]
proposed a cross-task guided attention module to learn category-
specific channel attention for brain tumor segmentation. Ghazouani
et al. [22] proposed to include channel squeeze and spatial excita-
tion blocks for capturing more informative features from both spa-
tially and channel-wise for brain tumor segmentation. Liu et al.
[23] designed a spatial-channel fusion block to effectively aggregate
multi-modal features for brain tumor segmentation. Zhao et al. [24]
introduced a prior attention module that guides multi-lesion segmenta-
tion in a coarse-to-fine manner. The proposed lesion-aware spatial atten-
tion enhances can focus on relevant regions. In addition, an intermediate
supervision strategy is proposed to further refine the attention and im-
prove segmentation accuracy. Zhu et al. [25] introduced a dual-branch
U-Net for ultrasound image segmentation, combining multi-component
modules to facilitate cross-branch feature fusion and enhance noise re-
silience.

In contrast to prior approaches, this study introduces a novel multi-
modal teacher-student fusion strategy based on prior knowledge of MR
modalities. Unlike conventional fusion methods that treat all modal-
ities equally or employ generic attention-based integration, our ap-
proach proposes a modality-aware guidance by explicitly categorizing
MRI modalities into teacher (FLAIR and T1c) and student (T2 and T1)
groups, leveraging their distinct diagnostic roles. FLAIR and T1c provide
stronger tumor contrast and structural details, making them well-suited
as teacher modalities, while T2 and T1, though informative, benefit from
additional guidance due to their relatively lower contrast specificity
for tumor boundaries. This structured grouping facilitates more effec-
tive feature learning, where the student modalities receive spatial and
channel-wise supervision from the teacher modalities. By enforcing hi-
erarchical guidance, the proposed method enhances the model’s ability
to learn discriminative and robust tumor features, leading to improved
brain tumor segmentation performance.

2.2. Uncertainty quantification

Uncertainty quantification in deep learning has gained significant
attention in recent years due to its importance in improving model
reliability and decision-making. Various techniques have been pro-
posed to quantify uncertainty, including Bayesian methods [26], MC
dropout [27], and ensemble methods [28]. Bayesian methods treat
model parameters as random variables and estimate their posterior dis-
tribution, allowing for the quantification of uncertainty in predictions.
MC dropout [29] extends this approach by sampling multiple predic-
tions with dropout applied during inference, providing a computation-
ally efficient way to quantify uncertainty. Ensemble methods aggre-
gate predictions from multiple independently trained models to capture
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different sources of variability and uncertainty. The quantification of un-
certainty involves two fundamental types: aleatoric and epistemic un-
certainty. Aleatoric uncertainty arises from inherent variability in the
observed data itself, such as noise, measurement errors, or natural vari-
ability in the phenomena being studied. In contrast, epistemic uncer-
tainty originates from limitations in the model’s capacity to accurately
represent the underlying data distribution. It reflects uncertainty about
the model’s parameters or structure and can be reduced with additional
data or model improvements.

In the domain of medical image segmentation, uncertainty quantifi-
cation plays a crucial role in assessing the confidence of model pre-
dictions and identifying areas of ambiguity. By incorporating uncer-
tainty information into the training process or post-processing steps, re-
searchers have demonstrated enhanced segmentation accuracy and the
ability to identify challenging cases where the model’s confidence is low.
For example, Nair et al. [30] developed a 3D CNN for MS lesion segmen-
tation with voxel-based uncertainties. Furthermore, uncertainty-based
filtering is utilized as the post-processing. Kown et al. [31] proposed
a Bayesian neural network to quantify uncertainties in classification
problems by decomposing the moment-based predictive uncertainty into
aleatoric and epistemic uncertainty. Arega et al. [32] proposed a cardiac
MR segmentation model which utilizes the MC dropout method to gen-
erate uncertainty estimates during training. These uncertainty estimates
are then incorporated into the loss function to enhance the segmentation
results. Lee et al. [33] proposed leveraging four uncertainty estimates
for brain tumor segmentation. They introduced a designed uncertainty-
attention module to correct uncertain predictions. Zhou et al. [9] in-
troduced a multi-stage brain tumor segmentation network, integrating
uncertainty maps to refine results as additional constraint information.

In this work, we propose utilizing the MC dropout method to gen-
erate uncertainty estimates during training. Additionally, we integrate
an uncertainty-aware loss into the Dice-based segmentation framework,
allowing the model to dynamically adjust its learning process based on
uncertainty levels. By explicitly incorporating uncertainty into the train-
ing loss, the proposed method not only enhances segmentation perfor-
mance but also improves the reliability of predictions. This uncertainty-
guided learning ensures that the model is more aware of its confidence
in different regions, leading to more trustworthy outputs, particularly in
challenging cases with ambiguous tumor boundaries or missing modal-
ities.

3. Methodology
3.1. Motivation behind the proposed approach

Brain tumor segmentation typically relies on multiple MR modal-
ities, each providing unique and complementary insights into tumor
characteristics. However, traditional segmentation methods often treat
all modalities equally and fail to leverage the distinct strengths of
each, leading to suboptimal performance. To address this, we propose
a multi-modal teacher-student fusion strategy, where the more infor-
mative modalities (FLAIR and T1c) serve as teacher modalities, guiding
the student modalities (T2 and T1). This approach ensures that the most
critical modality information is maximally exploited, enhancing feature
representation and ultimately improving segmentation accuracy. In ad-
dition, traditional segmentation methods often struggle to quantify un-
certainty in their predictions. However, uncertainty quantification is
crucial in medical imaging tasks, where incorrect segmentation results
can have significant consequences. To address this challenge, we inte-
grate uncertainty quantification into the segmentation network, provid-
ing four different uncertainty maps that offer invaluable insights into
the reliability of the segmentation predictions. Furthermore, the com-
plexities of brain tumor segmentation require to take into account not
only prediction errors but also uncertainty. Existing loss functions of-
ten do not explicitly account for both prediction errors and uncertainty,
limiting their effectiveness in complex tumor segmentation tasks. To
overcome this limitation, we introduce a novel uncertainty-aware loss
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function, enabling the model to jointly optimize segmentation accuracy
and uncertainty reduction.

3.2. Proposed network architecture

The proposed network architecture is a multi-encoder-decoder net-
work, as illustrated in Fig. 2. It employs four separate encoders to ex-
tract modality-specific feature representations. Each encoder consists of
a convolutional layer with Instance normalization and LeakyReLU ac-
tivation, followed by down-sampling achieved through a convolutional
layer with a stride of 2. The decoder includes an up-sampling layer, a
multi-modal teacher-student fusion module, and a convolutional layer
with Instance normalization and LeakyReLU activation. To generate un-
certainty estimates, we apply dropout with a rate of 0.3 in the bottom
layers of the network. Additionally, the segmentation result from each
layer is processed through a 1 x 1 x 1 convolutional layer followed by
an up-sampling operation, and then combined via element-wise sum-
mation. This strategy, referred to as deep supervision, allows for the
generation of multi-scale segmentation results, enhancing the overall
performance and accuracy of the network. During training, we utilize
MC dropout to generate N segmentation predictions. The average result
is taken as the final segmentation output, while the variance is incor-
porated into the loss function. The entire network is trained using a
hybrid loss function that combines Dice loss and variance-based uncer-
tainty loss. These N segmentation predictions are also used to obtain
four different uncertainty maps: aleatoric uncertainty, epistemic uncer-
tainty, entropy, and mutual information. These maps offer insights into
the trustworthiness of the segmentation results, guiding further refine-
ment of the network. Consequently, this approach enables the network
to produce both segmentation results and uncertainty estimates, enhanc-
ing its effectiveness in applications that require reliable prediction con-
fidence.

3.3. Multi-modal teacher-student fusion strategy

To learn complementary information across modalities, we propose
a multi-modal teacher-student fusion (MTSF) strategy, consisting of a
spatial attention fusion module (SAFM) and a channel attention fusion
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module (CAFM), as depicted in Fig. 3. The former is utilized to learn
fused feature representation from a spatial perspective, the latter is to
extract feature representation from a channel perspective. The teacher-
student grouping is based on the discriminative power of each modal-
ity: FLAIR and T1c are known to provide the most informative signals
for identifying tumor regions, particularly edema and enhancing tumor
areas, and are therefore designated as teacher modalities. T2 and T1,
which provide additional structural context but are less discriminative
individually, are treated as student modalities. This grouping allows the
network to exploit the strong guidance of teacher modalities to enhance
the representation of student modalities, improving overall multi-modal
fusion. Initially, FLAIR and Tlc are concatenated to form the teacher
modality f, € RZ*HXWXD gimijlarly, T2 and T1 are concatenated to
obtain the student modality f, € R2X*H#*XWxD where C, H, W, and D
represent the channel, height, width, and depth of the 3D volume, re-
spectively.

In the spatial attention fusion module, separate convolution blocks
with kernel sizes of 3x3x3 and 5x5 x5, each followed by a Sig-
moid operation, are first applied to f; and f,, respectively. This pro-
cess can yield student attention weights w,, = Sig(Conv;(fy)), wy, =
Sig(Convs(f,)), and teacher attention weights w,; = Sig(Conuvs(f))),
wy, = Sig(Convs(f,)), here Sig denotes Sigmoid operation. These
weights highlight the regions that contribute more significantly to the
final fused feature representation. Then, the attention-weighted feature
representations can be obtained via element-wise multiplication of the
original teacher modality f, and student modality f, followed by addi-
tion:

fsps=(fs®wsl)®(fs®w32)’ @
fspr=(fr®wrl)@(fx®wr2), 2)

where ® denotes element-wise multiplication, @ denotes element-wise
summation,

Subsequently, the student spatial feature representation and teacher
spatial feature representation are concatenated to yield the final spa-
tial feature representation f,, € R**#>¥xD_In this way, the spatial
attention fusion module ensures that the fused feature representation
captures the most informative spatial details from each modality. Addi-
tionally, we evaluate the impact of different kernel sizes in the spatial

(b) Details

Aleatoric Epistemic Entropy Mutual

MC dropout Uncertainty

Variance

Loss = alpicet BLyncertainty

(c) Symbols

Modality 3

Modality 4

ﬁ Conyv 33 (stride=2) + Instance Norm + LeakyReLU W Dropout=0.3 ﬁ Up-sampling I Skip connection

ﬁ Conv 32 + Instance Norm + LeakyReLU @ Multi-modal teacher-student fusion ﬁConv 13 @ Element-wise sum

Fig. 2. Overview of the proposed multi-encoder-decoder network architecture for brain tumor segmentation. Each of the four MR modalities (FLAIR, Tlc, T2, and T1)
is processed by a dedicated encoder, enabling the extraction of modality-specific feature representations. In this simplified illustration, only one encoder is shown.
The decoder path incorporates deep supervision to facilitate multi-scale segmentation learning. The network outputs both segmentation results and uncertainty
quantifications for each prediction. The entire network is trained using a hybrid loss function that combines traditional Dice-based segmentation loss with the

proposed uncertainty-aware penalties.
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(a) Spatial Attention Fusion Module (SAFM)

(b) Channel Attention Fusion Module (CAFM)
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Fig. 3. The proposed multi-modal teacher-student fusion strategy, consisting of a spatial attention fusion module and a channel attention fusion module. FLAIR and
T1c are concatenated to form the teacher modality, while T2 and T1 are concatenated to obtain the student modality.

attention fusion module, as discussed in Section 6.1.

fsp = [fsps’ fspt] ’ 3

where [-] denotes concatenation.

In the channel attention module, global average pooling (GAP) and
max pooling operations (GMP) are applied to student modality f, and
teacher modality f,, respectively. GAP computes the average value of
the feature maps across spatial dimensions, producing a channel de-
scriptor for each modality. GMP, on the other hand, captures the most
prominent features by taking the maximum value within each feature
map. The results of each kind of pooling operation are then concate-
nated, [GAP(f,), GAP(f,)], [GM P(f,),GM P(f,)]. The reason is that the
teacher and student modalities may capture different aspects of the same
data. This integration of their average/max pooling results can help the
model leverage the strengths of both modalities, leading to better perfor-
mance. Following this, a multi-layer perception with a Sigmoid function
is employed to obtain the attention weights:

w, = Sig(MLP([GAP(f,),GAP(f))])). 4
w,, = Sig(MLP([GMP(f,),GMP(f))])). 5)

These weights emphasize the importance of different channels, al-
lowing the network to focus on the most relevant features across chan-
nels. Then, multiplying these weights with the original teacher modality
f; and student modality f, followed by addition, yields the student and
teacher attention-weighted feature representations:

fchs = (f:®wa) (&) (f: ®wm), 6)
fcht=((fx®wa)@((f,®wm). %)

Subsequently, these feature representations are concatenated to
achieve the final channel attention feature f,;, € R?C*>XWXD_Thys, the
channel attention fusion module facilitates the extraction of complemen-
tary information by highlighting important channels while suppressing
less relevant ones. Moreover, we investigate the impact of different con-
figurations in the channel attention fusion module, as detailed in Sec-
tion 6.2.

fch = [fchs’ fcht]' (8)

Finally, the spatial feature representation f,, and channel attention
feature f,, are concatenated to achieve the fused feature representation
[ € RACXHXWXD By combining these two attention modules, the pro-
posed multi-modal teacher-student fusion strategy can effectively learn
a comprehensive and complementary feature representation. This dual
attention approach leverages the strengths of both spatial and channel

information, improving the overall performance of the multi-modal fu-
sion process.

fr=1f 11 &)

3.4. Proposed uncertain-aware loss function

In brain tumor segmentation, we propose to integrate Dice loss
with variance-based uncertainty loss to enhance segmentation accuracy
while simultaneously quantifying uncertainty. The Dice loss measures
the overlap between predicted and ground truth segmentation (refer to
(10)). The variance-based uncertainty loss is derived from N times MC
dropout samples, where each voxel i has N segmentation predictions:
P" = {p!,p2,....pN}. Hence, the sampling mean , and variance ¢? can
be computed using (11) and (12), respectively. The variance-based un-
certainty loss (UL) is then calculated via (13), which can capture the
uncertainty inherent in the segmentation predictions. Additionally, we
compare different uncertainty-aware loss functions, as discussed in Sec-
tion 6.3. The final proposed hybrid loss function is illustrated in (14),
aiming to not only improve segmentation results but also provide clini-
cians with valuable insights into the reliability of automated segmenta-
tion.

M
Yo Pigite

M M >

Zi=1 Di + 2,-:1 &i +e

where M refers to the number of voxel in the volume, p; € [0,1] and

g; € [0, 1] represent the prediction probability and ground truth value

of voxel i, respectively. Additionally, ¢ is a small constant included to
prevent division by zero.

Lpie=1-2 10)

N
1
Mzﬁgﬁ, an

where N refers to the number of MC dropout sampling, N = 10, p! and
u; refer to the predicted probability of voxel i for nth MC dropout sam-
pling, and the mean predicted probability of voxel i for N MC dropout
sampling.

L

~ 2 (=) 12)

n=1

2 _
O".—

where Giz refers to the variance of predicted probabilities over N MC
dropout sampling.

Mz

1
EUneerminry = M 0_12’ 13)
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where M refers to the number of voxel in the volume.
EHybrid = al:Dice + ﬂCUncertaim‘y’ (]-4)

where the hyper-parameters are set as « = 1 and g = 1, the section of
hyper-parameters is further discussed in Section 6.4.

3.5. Uncertainty quantification

In the context of deep learning and probabilistic modeling, under-
standing and quantifying uncertainty are crucial for making reliable
predictions. In this work, we utilized MC dropout during training by
randomly disconnecting 30 % of neuronal connections after the convo-
lution layer in the bottom layers of the network. This approach enabled
each input to generate N segmentation predictions, which are utilized
to obtain four different uncertainty maps: aleatoric uncertainty, epis-
temic uncertainty, entropy, and mutual information. These maps pro-
vide valuable insights into the model’s confidence and reliability in its
predictions, enhancing the interpretability and robustness of the seg-
mentation results.

Aleatoric uncertainty: It arises from the inherent randomness in
the data, which cannot be reduced by gathering more data. It can be
expressed as the expected variance of the predictions given the model
parameters 6:

Aleatoric Uncertainty = E g p,[Var(9|0)], (15)

where E 4 p) denotes the expectation with respect to the posterior distri-
bution of the model parameters 6, given the data D. Var(y|0) represents
the variance of the predictions  given the model parameters 6.
Epistemic uncertainty: It stems from a lack of knowledge about
the model parameters, which can be reduced by collecting more data or
improving the model. It can be quantified as the variance of the expected
predictions over the posterior distribution of the model parameters:

Epistemic Uncertainty = Varp(m p[EGI0)], (16)

where Var,, p, denotes the variance with respect to the posterior dis-
tribution of the model parameters 6, given the data D. E(|0) represents
the expected predictions § given the model parameters 6.

Entropy: It is a measure of the uncertainty or randomness in a ran-
dom variable. For a discrete random variable X with probability mass
function P(X), the entropy H(X) is defined as:

H(X) ==Y P(x)log P(x), 17)
xeXx
where P(x) is the probability mass function of X evaluated at x.

Mutual information: It quantifies the amount of information ob-
tained about one random variable through another random variable.
For two random variables X and Y, the mutual information I(X;Y) is
given by:

167 = 3 Y P,y log ) as)
veX jov P(x)P(y)

where P(x) and P(y) are the marginal probability mass functions of X

and Y, respectively. P(x,y) is the joint probability mass function of X

and Y evaluated at x and y.

4. Experimental setup
4.1. Dataset and training details

We evaluate the proposed method using the BraTS 2018, 2019 and
2020 datasets [34], which are publicly available multi-modal MR brain
tumor segmentation datasets. Specifically, the BraTS 2018, 2019 and
2020 datasets include 285, 335 and 369 training cases, respectively.
Each case contains annotated images with four MR modalities: T1, Tlc,
T2, and FLAIR. The brain tumor segmentation task involves classify-
ing tumors into three regions: whole tumor, tumor core, and enhanc-
ing tumor. Before training, each MRI scan undergoes additional pre-
processing steps to ensure uniformity in input data, including bias field
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correction, intensity normalization, skull stripping, registration across
modalities, and resizing to a uniform volume size of 128 x 128 x 128
pixels. For intensity normalization, each modality is normalized inde-
pendently to zero mean and unit variance. The proposed model is opti-
mized using the Adam optimizer with an initial learning rate of 0.0005,
which is halved every 10 epochs if no improvement in validation per-
formance is observed. To prevent over-fitting, early stopping is imple-
mented; the training terminates if there is no validation improvement
after 50 epochs. The model training is conducted on an NVIDIA GeForce
RTX 4090 GPU (24GB) using the Keras platform, employing an 8:2 train-
test split.

4.2. Evaluation metrics

In this study, we employ the Dice Similarity Coefficient (DSC) and
the Hausdorff Distance (HD) to assess the performance of the proposed
method. The DSC measures the spatial overlap between the predicted
segmentation and the ground truth, with values ranging from O to 1. A
higher DSC indicates a more accurate segmentation. The HD quantifies
the maximum distance between points on the predicted tumor boundary
and the real tumor boundary, with lower HD values indicating better
segmentation accuracy.
2PN G|
|P|+1G|’
where P and G represent the sets of voxel in the prediction result and
the ground truth, respectively.

DSC = 19

H D = max {max min d(x, y), max min d(x, y) } ) (20)
x€X yeY yEY x€X

where X and Y denote the predicted tumor boundary and the true tumor
boundary, respectively, and d(-,-) represents the minimum Euclidean
distance.

5. Experimental results and analysis
5.1. Ablation experiments

In this section, we conduct ablation experiments to evaluate the ef-
fectiveness of the proposed components to the baseline method, which
includes the channel attention fusion module (CAFM), spatial attention
fusion module (SAFM), and uncertainty loss function (UL). The results
are detailed in Tables 1-3. Initially, the baseline method achieves an av-
erage DSC of 82.3 % and an average HD of 5.4 mm, as shown in Table 1.
The inclusion of each proposed component individually improves the
results. Specifically, integrating the CAFM increases the average DSC by
0.5% and the average HD by 11.1 % compared to the baseline method.
This highlights the module’s capability to enhance feature extraction
by emphasizing informative channels while suppressing irrelevant ones.
Furthermore, the incorporation of the SAFM results in a 1.1 % improve-
ment in terms of average DSC and a 9.3 % improvement in terms of
average HD compared to the baseline method. In addition, It can be ob-
served that the SAFM improves segmentation performance more than
the CAFM. This is because the SAFM focuses on specific spatial locations,
capturing fine details and separating objects from complex backgrounds
more effectively. When both attention modules are integrated, the seg-
mentation performance improves by 2.2 % in terms of average DSC and
16.7 % in terms of average HD compared to the baseline method. Fi-
nally, the combination of all three components yields the best results,
which achieves 84.2% in terms of average DSC and 4.2 mm in terms
of average HD, with 2.3 % improvement in terms of average DSC and
22.2% in terms of average HD, compared to the baseline method.

Similar ablation experiments are conducted on the BraTS 2019
dataset, as shown in Table 2. The baseline method can obtain 83.8 % in
terms of average DSC and 3.9 mm in terms of average HD. Compared to
the baseline method, the proposed CAFM and SAFM can achieve 0.4 %,
and 0.7 % improvements in terms of average DSC, respectively. When
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Table 1
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Comparison results of ablation experiments on BraTS 2018 dataset. * indicates statistically significant
improvements of the proposed methods over the baseline (Wilcoxon signed-rank test, p-value < 0.05).

Method Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)
Baseline CAFM SAFM UL WT TC ET Mean WT TC ET Mean
v X X X 85.7 84.5 76.7 82.3 7.9 5.3 3.1 5.4
v v X X 86.0 84.4 77.8 82.7 5.7 5.4 3.3 4.8
v X v X 86.4* 85.7 77.4 83.2* 7.0 4.5% 3.3 4.9*
v v v X 87.0% 86.8* 78.4* 84.1% 6.5% 4.0* 3.0% 4.5%
v v v v 86.6* 87.1*  79.0* 84.2*% 5.3% 4.3* 3.0% 4.2
Table 2

Comparison results of ablation experiments on BraTS 2019 dataset. * indicates statistically significant
improvements of the proposed methods over the baseline (Wilcoxon signed-rank test, p-value < 0.05).

Method Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)
Baseline CAFM SAFM UL WT TC ET Mean WT TC ET Mean
v X X X 86.9 85.7 78.8 83.8 4.9 4.2 2.7 3.9
v v X X 86.9 86.6 78.8 84.1 6.1 4.0 2.9 4.3

4 X v X 87.1* 86.4* 79.8* 84.4* 5.9 4.1 2.7 4.2
v v v X 87.3% 87.3* 79.9* 84.8% 6.3 4.2 2.8 4.4
v v v v 87.3*  87.8*  80.3* 85.1* 5.7 3.6  2.5% 3.9

Table 3

Comparison results of ablation experiments on BraTS 2020 dataset. * indicates statistically significant
improvements of the proposed methods over the baseline (Wilcoxon signed-rank test, p-value < 0.05).

Method Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)
Baseline CAFM SAFM UL WT TC ET Mean WT TC ET Mean
v X X X 86.6 86.7 79.0 84.1 8.3 4.0 2.7 5.0
v v X X 86.6 87.4 79.5 84.5 7.7 4.5 2.6* 4.9
v X v X 87.2* 86.7 80.2* 84.7* 6.3* 4.3 2.6* 4.4*
v v v X 87.4% 87.2% 80.3* 85.0% 6.0* 4.3 2.4* 4.2%
v v v v 87.6*  87.8*  80.4* 85.3* 5.8* 3.9 2.7 4.1%

both attention modules are introduced to the baseline, the segmenta-
tion performance improves by 1.2 % in terms of average DSC. However,
the HD score does not improve compared to the baseline method. This
observation can be attributed to the attention modules primarily en-
hancing the overlap between predicted and ground truth segmentation
(as measured by DSC) without a significant impact on boundary accu-
racy (measured by HD). With the integration of the hybrid loss function,
1.6 % improvement is observed in terms of average DSC. These exper-
imental results demonstrate the significant contributions of each com-
ponent to the overall model performance, confirming their importance
in enhancing segmentation accuracy and robustness.

Ablation experiments on the BraTS 2020 dataset, as shown in
Table 3, demonstrate the effectiveness of our proposed components. In-
tegrating CAFM improves the baseline by 0.5 % in terms of average DSC
and 2.0 % in terms of average HD. SAFM further enhances performance,
achieving gains of 0.7 % in terms of average DSC and 12.0 % in terms
of average HD. The combination of CAFM and SAFM yields an improve-
ment of 1.1 % in terms of average DSC and 16.0 % in terms of average
HD. Finally, incorporating UL leads to the highest performance boost,
outperforming the baseline by 1.4 % in terms of average DSC and 18.0 %
in terms of average HD.

5.2. Quantitative analysis compared to the state-of-the-art methods

To evaluate the performance of the proposed method, we conduct a
comprehensive quantitative analysis and compared the results with the
state-of-the-art methods, the results are shown in the Tables 4-6. The
method described in UQ-BTS [9] integrates uncertainty maps to refine
segmentation results in a three-stage brain tumor segmentation network.
In addition, the methods introduced in Attention U-Net, [35], M2GC-
Net [36] and SuperLightNet [37] utilize attention-based fusion methods
for brain tumor segmentation. On the other hand, the methods intro-

duced in SegFormer3D [38], Slim UNETR [39], Swin UNETR [40], VT-
UNet [41] and TransBTS [42] employ transformer-based methods. From
Table 4, the results from BraTS 2018 dataset, it can be observed that the
proposed method outperforms the compared methods in terms of aver-
age DSC and average HD. Specifically, for WT, the proposed method
achieves the highest DSC at 86.6 % as in method VT-UNet [41]. For TC,
the proposed method leads with a DSC of 87.1 %, as in method UQ-BTS
[9]. In terms of HD, the proposed method achieves the lowest values
across all tumor regions: 5.3mm for WT, 4.3 for TC and 3.0mm for
ET, resulting in the average HD of 4.2mm. From Table 5, the results
from BraTS 2019 dataset, it can be observed that the highest DSC on
WT is achieved by our method and Swin UNETR [40] at 87.3 %, and
the method from TransBTS [42] achieves the highest DSC of 81.8 % on
ET. However, the proposed method achieves the highest DSC of 87.8 %
on TC and the best average DSC of 85.1 %. In addition, the proposed
method achieves the lowest values on TC, ET and average result in terms
of HD. From Table 6, the results from BraTS 2020 dataset, it can be
observed that the method from Swin UNETR [40] achieves the highest
DSC of 87.8% on WT and 81.7 % on ET. However, the proposed method
achieves the highest DSC of 87.8% on TC and the best average DSC of
85.3 %. Moreover, in terms of HD, UQ-BTS [9] achieves the lowest value
of 5.5mm on WT , VT-UNet [41] achieves the lowest of 2.6 mm on ET ,
while our proposed method achieves the lowest of 3.9 mm on TC and the
best average HD of 4.1 mm. These results demonstrate the effectiveness
of the proposed multi-modal teacher-student fusion strategy and the in-
corporation of uncertainty estimates in brain tumor segmentation.

5.3. Qualitative analysis of segmentation performance

In addition to quantitative metrics, we present several representa-
tive cases to demonstrate the performance of the proposed method, pre-
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Table 4

Comparison results with other state-of-the-art methods on BraTS 2018 dataset.
* indicates statistically significant improvements of the propose method over
others (Wilcoxon signed-rank test, p-value < 0.05).

Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)

Methods WT TC ET Mean WT TC ET Mean
UQ-BTS [9] 86.1 87.1 789 84.0 6.2 5.2 3.1 48
Attention U-Net [35] 85.9 77.1*% 74.5% 79.2% 5.3 4.9 4.7* 5.0%
M2GCNet [36] 85.1* 84.3* 76.1* 81.8* 5.7 6.0 4.3* 5.3
SuperLightNet [37] 85.7 85.7* 79.5 83.6* 6.1 4.8 34 48
SegFormer3D [38] 79.8* 80.1* 70.8* 76.9*% 14.5* 11.5* 6.9* 11.0*
Slim UNETR [39] 83.0* 83.0* 76.0 80.7* 20.6* 7.9 5.7% 11.4*
Swin UNETR [40] 86.1 81.2* 78.9 82.1* 8.7 7.1* 3.9* 6.6*
VT-UNet [41] 86.6 84.1* 78.0 82.9* 6.7 6.1* 3.3 5.4*
TransBTS [42] 85.2 84.4 78.0* 825 7.3 5.7 42 57
Ours 86.6 87.1 79.0 84.2 5.3 4.3 3.0 4.2
Table 5

Comparison results with other state-of-the-art methods on BraTS 2019 dataset.
* indicates statistically significant improvements of the proposed method over
others (Wilcoxon signed-rank test, p-value < 0.05).

Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)

Methods WT TC ET Mean WT TC ET Mean
UQ-BTS [9] 86.4* 86.9 79.8 84.4% 6.6 46 3.1* 438
Attention U-Net [35] 81.3 77.8* 76.7* 78.6* 7.5 7.2% 3.2 6.0%
M2GCNet [36] 85.6* 84.3* 78.3* 82.7* 6.4 5.0 3.8* 5.1*
SuperLightNet [37] 85.9* 86.4 81.6 84.6 6.6* 45 3.0 4.7*
SegFormer3D [38] 80.8* 82.0* 71.2* 78.0% 10.4* 9.2* 6.5* 8.7*
Slim UNETR [39] 85.3* 85.7* 76.6* 82.5* 5.5 4.7 3.8% 4.7*
Swin UNETR [40] 87.3 84.1* 81.3 84.2 8.2% 5.5% 3.4* 5.7%
VT-UNet [41] 87.2 84.8%* 79.7 83.9% 5.8 5.7% 3.1 4.9%
TransBTS [42] 86.7 86.2 81.8 849 6.5 4.7% 26 4.6
Ours 87.3 87.8 80.3 85.1 5.7 3.6 25 39
Table 6

Comparison results with other state-of-the-art methods on BraTS 2020 dataset.
* indicates statistically significant improvements of the proposed method over
others (Wilcoxon signed-rank test, p-value < 0.05).

Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)

Methods WT TC ET Mean WT TC ET Mean
UQ-BTS [9] 86.9* 86.5% 79.0% 84.1* 55 48 29 44
Attention U-Net [35] 79.6 80.8 73.8 78.1 7.2 4.9% 3.9 5.3*
M2GCNet [36] 85.9* 85.3* 77.1* 82.8* 5.7 5.1% 3.8% 4.9*
SuperLightNet [37] 86.9 86.8 81.5 85.1* 5.7 43 29 43
SegFormer3D [38] 79.9* 82.1* 70.8* 77.6* 14.7% 7.7% 5.4* 9.3*
Slim UNETR [39] 86.2* 85.6* 77.2* 83.0* 8.2* 4.7 3.3* 5.4*
Swin UNETR [40] 87.8 85.4* 81.7 85.0 7.0 5.3* 29 5.1*
VT-UNet [41] 87.6 85.9* 80.4 84.6 5.8 5.5% 2.6 4.6*
TransBTS [42] 86.4 85.5 80.0¢ 84.1 6.6 46 32 48
Ours 87.6 87.8 80.4 853 5.8 39 27 41

sented in Fig. 4. In the first case, the baseline method detects some iso-
lated false edema regions. However, the proposed fusion module with
the uncertainty loss function helps focus on the relevant regions, ensur-
ing precise delineation of the tumor regions. Additionally, in the sec-
ond case, the baseline method fails to detect a small isolated enhanc-
ing tumor region, whereas the proposed method achieves a better seg-
mentation result. In the third case, the baseline method segments some
false NCR&NET regions, but the proposed method effectively mitigates
this issue. The proposed fusion strategy and uncertainty integration con-
tribute to this accurate segmentation. The qualitative analysis highlights
the superior performance of the proposed method compared to base-
line approaches. By integrating a fusion module and an uncertainty loss
function, the proposed method focuses on relevant regions and achieves
more precise tumor delineation.

Furthermore, we compare the segmentation performance of differ-
ent methods in Fig. 5. As shown in Fig. 5, in the first case, UQ-BTS, Seg-
Former3D and VT-UNet yield incomplete segmentation of the edema
region (green). In the second case, the irregular shape of the edema
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region presents additional challenges, both Attention U-Net and Swin
UNETR misclassify parts of it as the NCR&NET region (red). In the third
case, several methods falsely segment the NCR&NET and enhancing tu-
mor regions, resulting in over-segmentation. Notably, VT-Net and Trans-
BTS under-segment the NCR&NET region (red). Overall, most compared
methods are prone to segmentation errors, whereas our method achieves
results more consistent with the ground truth, demonstrating superior
performance.

5.4. Uncertainty visualization of segmentation results

We conduct an uncertainty analysis to compare the baseline method
with the proposed method, presented in Fig. 6. For this purpose, we se-
lect two cases and analyzed their segmentation results alongside four
corresponding uncertainty maps: aleatoric uncertainty, epistemic un-
certainty, entropy uncertainty, and mutual information uncertainty. In
the first case, the baseline method shows false segmentation in the
NCR&NET region, leading to high aleatoric uncertainty, particularly
along the tumor boundaries. Moderate epistemic uncertainty and sig-
nificant entropy and mutual information uncertainty along the tumor
boundaries can be observed. In contrast, the proposed method shows
reduced uncertainty in all four maps, indicating more reliable seg-
mentation. In the second case, the baseline method incorrectly de-
tects the NCR&NET region, again resulting in high aleatoric uncertainty
along the boundaries, noticeable epistemic uncertainty, high entropy at
the boundaries, and uncertainty in mutual information around the tu-
mor boundaries. Our proposed method significantly lowers uncertainty
across all maps, demonstrating improved segmentation accuracy and re-
duced prediction variability. Overall, the main source of uncertainty is
the aleatoric component, prevalent at tumor boundaries, while the pro-
posed method consistently reduces uncertainty, demonstrating its effec-
tiveness in handling complex brain tumor segmentation tasks.

5.5. Visualization of feature maps

To analyze the model’s decision-making process, we compare the at-
tention heatmaps of our method with those of the baseline across six rep-
resentative cases, as illustrated in Fig. 7. The visualization includes input
FLAIR images (FLAIR), ground truth annotations (GT), baseline predic-
tions, and our method’s outputs (Ours) for key tumor sub-regions: en-
hancing tumor, edema, necrotic and non-enhancing tumor (NCR&NET),
with red regions indicating higher model focus on tumor areas. Across
all cases, the baseline exhibits relatively scattered and diffused atten-
tion, often failing to fully capture the tumor extent or erroneously acti-
vating non-tumor areas. In contrast, our method consistently produces
stronger and more focused attention aligned closely with the true tu-
mor regions. Notably, in the first four cases, our method captures the
tumor core more precisely, while the baseline spreads its attention too
broadly. In the last two cases, our method shows better boundary lo-
calization and structure awareness, even in challenging shapes, as seen
in the last case. These results highlight the effectiveness of our atten-
tion mechanism in enhancing tumor localization and providing more
clinically relevant feature focus than the baseline.

5.6. Visualization of failure cases

Although the proposed method achieves competitive overall perfor-
mance, certain challenging cases still result in suboptimal segmenta-
tion. As illustrated in Fig. 8, these failure cases mainly correspond to
tumors with ambiguous boundaries, irregular shapes, or small volumes.
In such situations, the model occasionally under-segments the edema
and NCR&NET regions or mis-classifies diffuse tumor boundaries as sur-
rounding edema. To further interpret these results, we visualize the cor-
responding uncertainty maps, which highlight regions of high predictive
uncertainty, particularly along low-contrast boundaries. This observa-
tion suggests that the model is aware of its potential errors in these
regions. In future work, we will focus on enhancing boundary sensitiv-
ity modeling, such as through dedicated boundary refinement modules
to improve segmentation robustness in these extreme cases.
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Fig. 4. The qualitative analysis compares segmentation performance across various methods, including baseline, baseline + CAFM, baseline + SAFM, baseline +

MTSF (a combination of CASF and SAFM), and the proposed method.

.
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Enhance
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Fig. 5. The qualitative analysis compares segmentation performance across various methods, including UQ-BTS, Attention U-Net, M2GCNet, SuperLightNet, Seg-
Former3D, Slim UNETR, Swin UNETR, VT-UNet, TransBTS, and the proposed method.

6. Discussion

In this section, we evaluate the effectiveness of the proposed strate-
gies through experiments on the BraTS 2018 dataset. We first analyze
the contributions of the spatial and channel attention fusion modules
to brain tumor segmentation. We then investigate the influence of the
uncertainty-aware loss function and the effect of the hyperparameter
p in the hybrid loss formulation. Furthermore, we assess the role of
modality-aware supervision under different teacher-student modality
combinations, demonstrating that structured modality guidance can ef-
fectively enhance segmentation performance. In addition, we compare
various dropout configurations, particularly the application of modality-
level dropout in each encoder layer to simulate attenuation or noise in
modality signals. We also conduct experiments with missing modalities
to evaluate the model’s robustness when certain MRI sequences are un-
available. These analyses offer valuable insights into the contributions
of each component and their role in improving overall segmentation
accuracy.

6.1. Analysis of the spatial attention fusion module
In this section, we analyze the effectiveness of the spatial atten-

tion fusion module with different kernel sizes: 1 x1x 1,3 x3x3 and
5% 5x5. The goal is to determine how varying kernel sizes impact the

Table 7

Comparison results of different kernel sizes in the spatial attention fusion
module. * indicates statistically significant improvements of the proposed
method over others (Wilcoxon signed-rank test, p-value < 0.05).

Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)

Kernel size WT TC ET Mean WT TC ET Mean
Convl® and Conv3® 86.3 84.3* 77.8% 83.0% 6.4 52* 3.4 5.0%
Convl1® and Convs® 86.4* 86.1 78.7 83.7* 57* 6.2 3.2 50
Conv3® and Convs® 86.6 87.1 79.0 84.2 53 43 3.0 4.2

model’s ability to focus on relevant spatial regions and enhance segmen-
tation performance. The selection of these specific sizes is motivated
by their capacity to capture spatial information and tumors of vary-
ing sizes and shapes within MRI volumes. The results are detailed in
Table 7. From Table 7, it can be observed that combining the 3 x 3 x
3 and 5x5x5 kernel sizes yields the optimal segmentation results,
achieving superior performance in terms of both DSC and HD. By inte-
grating both sizes, the spatial attention module can effectively capture
both detailed local features and broader spatial contexts. This combina-
tion leads to an average DSC of 84.2% and an average HD of 4.2mm,
surpassing the other two combinations.
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Fig. 6. The uncertainty analysis between the baseline and proposed method.
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Enhance Edema
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Fig. 7. The feature visualization between the baseline and the proposed method.

6.2. Analysis of the channel attention fusion module
We also analyze the different settings in the channel attention fu-

sion module, the results are illustrated in Table 8. In the first setting,
we apply global average pooling to compute weights for the student

10

modalities, and global max pooling to compute weights for the teacher
modalities: f.,, = w, X fy, fens = W, X f;- This approach leverages the
average pooling’s ability to highlight general feature importance for the
student, while the max pooling emphasizes the most prominent features
for the teacher. In the second setting, we reverse this process by ap-
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Fig. 8. Visualization of some failure cases.

Table 8

Comparison results of different settings in the channel attention fusion module. * indicates statistically
significant improvements of the proposed method over others (Wilcoxon signed-rank test, p-value <

0.05).
Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)
Connection method WT TC ET  Mean WT TC ET Mean
Fons = 10y X fos fom = Wy X [, 87.0 859 77.0 83.3 51 41 3.0 4.1
Fum = Wy X fry Fope = W X f 86.9 85.1* 78.6 83.5 6.1 57 2.8 49
Sens = Wa X [+ Wy X [y fop =Wy X [ +w, X f
86.6 87.1 79.0 84.2 53 43 3.0 42
plying global average pooling weights to the teacher modalities and Table 9

global max pooling weights to the student modalities: f,,, = w, X f;,
fens = Wy, X fs. This configuration allows the teacher to benefit from
the general feature importance highlighted by average pooling, while
the student gains from the prominent feature emphasis provided by max
pooling. In the third setting, we apply both global average pooling and
global max pooling weights to both the student and teacher modali-
ties: fopg = Wy X fs + Wy X foy fope = Wy X f + w, X f;. This combined
approach aims to capture a comprehensive feature representation by
leveraging the strengths of both pooling methods across both modali-
ties, ensuring that both the student and teacher networks benefit from
detailed and prominent feature information. From Table 8, it can be ob-
served that the first setting obtains the best DSC on WT, the best HD on
WT, TC and average result. The best HD on ET comes from the second
setting. However, the proposed method achieves the best DSC on TC,
ET and average result. The proposed method achieves an average HD of
4.2 mm, which is comparable to the best-performing methods (4.1 mm).
Since the DSC evaluation metric is more critical for accurate segmenta-
tion, we choose the third setting, which combines global average pooling
and global max pooling weights for both student and teacher modalities.
This choice optimally balances general feature importance and promi-
nent feature emphasis, resulting in superior segmentation performance.

6.3. Analysis of the uncertainty-aware loss function

The proposed network utilizes a hybrid loss function that incorpo-
rates both Dice loss and variance-based uncertainty loss to quantify
prediction uncertainty. This section analyzes the differences between
variance-based uncertainty loss (refer to (21)), entropy-based uncer-
tainty loss (refer to (22)), and their combination (refer to (23)), and the
comparison results are illustrated in Table 9. Variance-based uncertainty
loss measures the variability of predicted probabilities, and aims to re-
duce the variability to produce more reliable predictions. Entropy-based
uncertainty loss measures the randomness in the predicted probability

11

Comparison results of different uncertainty-aware loss functions. * indi-
cates statistically significant improvements of the proposed method over
others (Wilcoxon signed-rank test, p-value < 0.05).

Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)

Loss function WT TC ET Mean WT TC ET Mean
L otropy 86.0* 86.0 77.9* 83.3* 6.7 4.1 27 45
variance T Lenropy 86.6 855 77.9% 83.3 6.4 47 28 46
86.6 87.1 79.0 84.2 5.3 43 3.0 4.2

variance

distribution, and high entropy indicates greater uncertainty. The hybrid
loss function combines variance and entropy measures to capture a more
comprehensive view of uncertainty. The experimental results in Table 9
indicate that the entropy-based uncertainty loss function achieves the
best HD on TC and ET. However, the variance-based approach surpasses
both the entropy-based and hybrid methods in terms of DSC, and it also
achieves the best HD on WT and average results. Therefore, the proposed
method adopts a variance-based uncertainty loss function to improve
prediction reliability.

M
1 2
‘Cvariance =37 Z o 21
M i=1 /
1 M
Eentropy = _M Zpi logp,., (22)
i=1
Euncertuinty = Luariance + Lemropy’ (23)

where M refers to the number of voxel in the volume, giz refers to the
variance of predicted probabilities over MC dropout sampling. p; € [0, 1]
represents the prediction probability for the ith voxel in the volume.

6.4. Analysis of the hyper-parameter f in the hybrid loss function

In this section, we conduct experiments to evaluate how different
values of the hyper-parameter § in the hybrid loss function, £,y =
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Fig. 9. Impact of hyper-parameter f in the hybrid loss function. Subfigure (a) presents the DSC results, while subfigure (b) shows the HD results.

Table 10

Comparison results of different hyper-parameter § in the hybrid loss function
Ly vbria = L pice + BLYncerrainys Where a = 1. * indicates statistically signifi-
cant improvements of the proposed method over others (Wilcoxon signed-
rank test, p-value < 0.05).

Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)

Hyper-parameter § WT TC ET Mean WT TC ET Mean
0.1 86.5 84.7* 77.5% 82.9* 6.9 54 31 51
0.3 86.6 86.6 78.0 837 58 43 27 43
0.5 86.3 85.7 77.8* 83.3* 58 49 28 45
0.7 86.6 86.3 784 838 6.4 42 32 46
1.0 86.6 87.1 79.0 84.2 5.3 43 3.0 4.2

aL pice + BLY peerrainys affect the model’s performance. In this study, we
focus on varying f while keeping « constant as 1 to explore how the
relative emphasis on uncertainty influences the model’s behavior, and
f is varied over a range of values: g € {0.1,0.3,0.5,0.7,1.0}. The results
presented in Table 10 and Fig. 9 show that the value § = 1.0 provides
the best trade-off between segmentation performance and uncertainty
control, while smaller values result in a decrease in segmentation ac-
curacy in terms of both DSC and HD. Therefore, the proposed method
adopts Ly piq = Lpice + Luncertainty @S the training loss function.

6.5. Analysis of the teacher-student fusion strategy

The selection of teacher-student modality pairs in the proposed
framework is critical for achieving effective brain tumor segmentation,
as each MRI modality captures distinct yet complementary tumor char-
acteristics. To validate the effectiveness of the modality-aware guidance
in multi-modal teacher-student fusion strategy (MTSF), we first conduct
an ablation study by replacing the teacher-student grouping with direct
concatenation of the four modalities in the "Baseline + CAFM + SAFM"
model, with results summarized in Table 11. It can be observed that
the proposed MTSF achieves an impressive 87.0 % DSC for WT, 86.8 %
for TC, and 78.4 % for ET, resulting in a mean DSC of 84.1 %, indicat-
ing improved segmentation accuracy. In terms of HD, MTSF reduces HD
to 4.0mm on TC, but it slightly increases HD to 6.5 mm from 6.4 mm
for WT and from 2.5mm to 3.0mm for ET, yielding a mean HD of
4.5 mm. This result is comparable to the method without MTSF, which
has a mean HD of 4.3 mm. These findings demonstrate that MTSF effec-
tively improves segmentation accuracy while maintaining competitive
boundary precision.

Additionally, we systematically assess the impact of different
teacher-student combinations on segmentation accuracy, with results
summarized in Table 12. The findings indicate that using FLAIR and
T1c as teacher modalities, and T1 and T2 as student modalities yields su-
perior segmentation performance. This improvement can be attributed

to the unique strengths of these modalities: T1c provides high-contrast
enhancement that precisely delineates the tumor core, while FLAIR ex-
cels at highlighting peritumoral edema, which is crucial for assessing
tumor infiltration. By structuring the fusion process based on these
inherent modality characteristics, the proposed framework effectively
exploits their complementary information, leading to more accurate
segmentation results.

6.6. Analysis of the dropout settings

To evaluate the impact of dropout on model generalization and ro-
bustness, we conducted experiments with different dropout configura-
tions. In particular, we applied modality-level dropout in each encoder
layer to simulate attenuation or noise in modality signals, thereby mim-
icking real-world acquisition variability. As shown in Table 13, apply-
ing dropout throughout the entire encoder does not yield better per-
formance than applying it only in the bottleneck layers. This is mainly
because excessive dropout in shallow layers disrupts the learning of low-
level structural features that are crucial for accurate tumor boundary lo-
calization. In contrast, applying dropout only in the deeper (bottleneck)
layers, as adopted in our method, achieves a better balance between
feature regularization and representation stability, leading to improved
segmentation accuracy and more reliable uncertainty estimation.

6.7. Analysis of the missing modalities

We further evaluate the model’s robustness under missing modal-
ity conditions, a common issue in clinical practice where certain MRI
sequences may be unavailable or corrupted. Given the large number of
possible missing-modality combinations (15 in total for four modalities),
we focus on representative cases in which a single modality was absent.
To simulate these scenarios, we randomly omit the selected modality
during inference. As summarized in Table 14, the proposed framework
maintains satisfactory performance even when one modality (e.g., T1
or T2) is missing, demonstrating its ability to effectively exploit the re-
maining modalities through robust feature fusion. However, the perfor-
mance drops notably when either FLAIR or Tlc is absent. Specifically,
the absence of FLAIR leads to a broad performance decrease, particu-
larly for whole tumor, whereas the absence of T1c specifically degrades
the segmentation of the tumor core and enhancing tumor. This demon-
strates that FLAIR and T1c contribute most significantly to identifying
edema and tumor core, respectively. This finding consistently supports
our design choice of treating FLAIR and T1c as teacher modalities and
T1-T2 as student modalities. Although the results under missing FLAIR
or Tlc conditions are less favorable, this is expected since our pro-
posed method is not specifically designed to handle missing-modality
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Analysis of the effectiveness of the modality-aware guidance in multi-modal teacher-student fusion
strategy (MTSF). * indicates statistically significant improvements of the proposed method over the
method w/o0 MTSF (Wilcoxon signed-rank test, p-value < 0.05).

Dice similarity coefficient (% 1)

Hausdorff Distance (mm |)

Multi-modal teacher-student fusion WT TC ET Mean WT TC ET Mean

w/o MTSF 86.3* 85.7* 78.4 83.5 6.4 4.1 2.5 4.3

w MTSF 87.0 86.8 78.4 84.1 6.5 4.0 3.0 4.5
Table 12

Comparison results of different teacher-student combinations. * indicates statistically significant improvements
of the proposed method over others (Wilcoxon signed-rank test, p-value < 0.05).

Dice Similarity Coefficient (% 1)

Hausdorff Distance (mm |)

Teacher-student combinations WT TC ET Mean WT TC ET Mean
FLAIR and T1 as teachers, T1c and T2 as students 87.0 85.8% 78.4 83.7 5.6 4.5 3.0 4.4
FLAIR and T2 as teachers, T1lc and T1 as students 86.9 86.1 78.7 83.9 5.0 6.1 2.6 4.6
FLAIR and Tlc as teachers, T1 and T2 as students 86.6 87.1 79.0 84.2 5.3 4.3 3.0 4.2

Table 13

Analysis of the dropout settings. * indicates statistically significant improvements of the
proposed method over other method (Wilcoxon signed-rank test, p-value < 0.05).

Dice Similarity Coefficient (% 1)

Hausdorff Distance (mm |)

Dropout settings WT TC ET Mean WT TC ET Mean
All layers 86.6 84.9*  77.8* 83.1* 6.7 4.9 2.7 4.8
Bottleneck layers (Ours) 86.6 87.1 79.0 84.2 5.3 4.3 3.0 4.2

Table 14

Analysis of the missing modalities. o denotes a missing modality, and  denotes an available modal-
ity. Best results are highlighted in bold. * indicates significant improvement over other methods

(p < .05, Wilcoxon test).

Method Dice Similarity Coefficient (% 1) Hausdorff Distance (mm |)

T1 FLAIR Tlc T2 WT TC ET Mean WT TC ET Mean
° . . . 84.6*  84.0*  75.6* 81.4*  8.0% 6.2% 3.4% 5.9%
. ° . . 53.5*  60.7*  62.6* 58.9*  37.5%* 422%  26.4*  354*
. . ° . 85.9%*  49.9*  2.3% 46.0¢  5.6* 15.7%  25.3* 15.5%
. . . o 79.6* 68.9* 75.3*% 74.6* 13.3* 12.5* 4.7* 10.2*
. . . . 86.6 87.1 79.0 84.2 5.3 4.3 3.0 4.2

scenarios. In future work, we will focus on developing segmentation
methods that can effectively handle missing-modality scenarios.

6.8. Limitations and future work

The proposed approach shows promising improvements in the ac-
curacy and reliability of brain tumor segmentation. However, several
limitations and future directions remain. First, although multiple uncer-
tainty maps are generated to assess prediction confidence, effectively
integrating these maps into the segmentation network to further boost
performance is still an open challenge. Future work may explore new
fusion strategies or refine existing frameworks to better utilize these es-
timates. Second, investigating different uncertainty quantification tech-
niques, such as Bayesian models, ensemble methods, and evidential ap-
proaches, could offer deeper insights into improving model robustness
against noise, missing data, and clinical variability. Third, future work
will explore incorporating boundary information and disentangled rep-
resentation learning to further reduce uncertainty and improve segmen-
tation accuracy. Finally, handling missing-modality scenarios in a sys-
tematic way will be an important focus, enabling the model to maintain
reliable performance even when certain MRI sequences are unavailable
or corrupted.
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7. Conclusion

In this paper, we propose a novel MR brain tumor segmentation
approach that integrates multi-modal data fusion with uncertainty
quantification to improve both accuracy and reliability. The proposed
multi-modal teacher-student fusion strategy can effectively exploit spa-
tial and channel-wise information across modalities. Additionally, the
uncertainty-aware loss function not only improves segmentation accu-
racy but also quantifies uncertainty. The proposed network can generate
both segmentation maps and uncertainty estimates, offering critical in-
sights for evaluating the confidence of predictions, which is essential for
informed clinical decision-making. Experimental results on three public
brain tumor segmentation datasets validate the effectiveness of the pro-
posed approach, highlighting its potential to advance more reliable and
interpretable segmentation methods.
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