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Abstract—Accurate segmentation of brain tumors from multi-
modal Magnetic Resonance Imaging (MRI) is critical for clinical
diagnosis and treatment planning. Multi-modal learning aims to
capture modality-shared global shapes while preserving modality-
specific contrasts and textures. However, existing approaches
often extract and integrate features indiscriminately, leading to
feature redundancy and blurred boundaries. To address these
issues, we introduce a novel Frequency-guided Disentanglement
Framework (FreqDF) for multi-modal brain tumor segmentation.
Our framework employs a dual-path encoding architecture
to explicitly model modality-shared anatomical structures and
modality-specific texture details in parallel. Based on these
decoupled representations, we design a two-stage Enhancement-
Fusion Module to collaboratively integrate features, ensuring low-
frequency structural coherence while selectively refining high-
frequency fine-grained edges. To guarantee effective disentan-
glement, we introduce a Frequency-Domain Constraint strategy.
During training, we impose consistency on low-frequency com-
ponents to extract unified anatomical shapes while maximizing
the discrepancy between high-frequency components to preserve
unique contrasts and textures. Extensive experiments and com-
prehensive ablation studies demonstrate that our method achieves
superior segmentation accuracy. The code will be available soon.

Index Terms—Medical Image Segmentation, Multi-modal
Learning, Feature Disentanglement, Frequency Domain Analysis

I. INTRODUCTION

Brain tumors are critical neurological conditions character-
ized by high morbidity and significant mortality. Treatment
strategies depend heavily on the tumor’s type, size, and precise
location. Therefore, accurate diagnosis and segmentation are
critical prerequisites for effective treatment planning. Magnetic
Resonance Imaging (MRI) is widely used in clinical practice
for the diagnosis of brain tumors. Typical MRI comprises
multiple imaging modalities, including T1-weighted (T1),
contrast-enhanced T1-weighted (T1ce), T2-weighted (T2), and
Fluid Attenuated Inversion Recovery (FLAIR) [1]. These
modalities provide a comprehensive clinical basis as T1 offers
structural reference, T1ce highlights tumor cores, while T2 and
FLAIR accentuate edema and inflammation [2]. Consequently,
precise automated segmentation that effectively exploits these
complementary features has become a critical research focus
for assisting diagnosis and treatment planning [2]-[4].

Over the past decade, encoder-decoder CNN architectures
like 3D UNet [5], V-Net [6], and nnUNet [7] have established

a strong foundation for volumetric medical segmentation.
To further exploit complementary information from multi-
modal data, feature disentanglement has been introduced to
decompose data into independent latent factors. Seminal works
like SDNet [8] pioneered the separation of anatomical spatial
factors from appearance, while recent approaches [2], [9]-[11]
further explored shared and specific representations to reduce
redundancy. However, these methods often rely on implicit
adversarial training or complex auxiliary tasks lacking of
explicit guidance. Effectively fusing these decoupled features
to reconstruct sharp boundaries remains a critical challenge,
as naive aggregation frequently leads to information loss.

Due to the strong correlation between frequency and im-
age semantics [12], [13], frequency-domain analysis is a
compelling solution. Specifically, low-frequency components
primarily encode global spatial shapes, such as the overall
outline of brain structures, which tend to be consistent across
modalities and correspond to modality-shared features. In
contrast, high-frequency components capture fine-grained con-
trasts, textures, and edges that reflect unique signal intensities
in specific sequences, thereby relating to modality-specific
features [14]. This inherent spectral decomposition aligns with
the objective of separating shared shapes and specific textural
details, providing a prior for feature disentanglement.

In this paper, we propose a novel Frequency-guided Dis-
entanglement Framework (FreqDF) based on this spectral
prior. During inference, our framework employs a dual-path
encoding architecture to decompose global shapes and texture
details in parallel. To effectively merge these distinct infor-
mation streams, we design a two-stage Enhancement-Fusion
Module (EFM). This module recalibrates the shared features
to maintain structural shape integrity while selectively incor-
porating specific details to sharpen boundaries. During train-
ing, we introduce an explicit Frequency-Domain Constraint
(FDC) strategy to guide the learning process. By transforming
intermediate feature maps into the spectral domain, we impose
consistency constraints on low-frequency components to en-
courage a unified shape representation, while simultaneously
maximizing the discrepancy of high-frequency components
to prevent information leakage and preserve unique textural
contrasts. In summary, our key contributions are as follows:

e We propose a Frequency-guided Disentanglement

Framework (FreqDF) that explicitly separates multi-
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Fig. 1: Overview of FreqDF. The framework disentangles inputs into modality-shared and specific features, which are integrated
via the Enhancement-Fusion Module (EFM) for final segmentation. A Frequency-Domain Constraint is employed during training
to explicitly supervise this separation via low-frequency consistency and high-frequency discrepancy losses.

modal data into consistent anatomical shapes and unique
textural details, supervised by a novel Frequency-
Domain Constraint (FDC) strategy.

e We design a two-stage Enhancement-Fusion Module
(EFM), comprising a Feature Enhancement Unit (FEU)
and a Cross-Fusion Unit (CFU), which dynamically recal-
ibrates features and collaboratively merges complemen-
tary streams to ensure precise boundary delineation.

« Extensive experiments and ablation studies demonstrate
that our framework achieves superior segmentation ac-
curacy, validating the effectiveness of the proposed
frequency-guided disentanglement and fusion strategies.

II. RELATED WORKS
A. Multimodal Medical Image Segmentation

Medical image segmentation has evolved from standard
CNN-based architectures, such as U-Net [15], to Transformer-
based hybrid models like TransUNet [16] and UNETR [17].
In multimodal tasks, the prevailing input-level fusion strategy
implicitly assumes semantic alignment across sequences, often
forcing the network to learn a mixed distribution that ob-
scures unique modality features such as edema visible in T2
sequences. Although recent approaches utilize sophisticated
attention or state-space mechanisms for dynamic fusion [18]-
[21], most methods still lack an explicit mechanism to model
modality-shared anatomy and modality-specific textures, lim-
iting the exploitation of cross-modal complementarity.

B. Disentangled Representation Learning

Disentangled representation learning is widely used in com-
puter vision to separate structural content and textural style,
and has recently been extended to multimodal medical imaging

to address feature redundancy. Early works focused on semi-
supervised cardiac [22] or brain tumor segmentation [23], [24].
Recent studies [9], [25] have further refined these strategies
using contrastive or style-mixup mechanisms. However, such
methods often rely on complex adversarial training or auxiliary
losses. Moreover, the definition of shared and specific factors
in these frameworks remains implicit and learned in a black-
box manner, lacking a direct and explicit guidance mechanism.

C. Frequency-Domain Learning

Frequency-Domain analysis provides a different perspective
from spatial-domain convolutions, capturing global context
and repeating patterns efficiently [26]. In medical imaging,
spectral representations have been widely used for recon-
struction and synthesis [27], [28] to preserve high-frequency
details. However, the potential of frequency analysis for se-
mantic segmentation, particularly for feature disentanglement
in multimodal settings, remains under-explored. Recent studies
in natural image analysis suggest that neural networks exhibit
spectral bias [12], [14], with low-frequency components cor-
relating with shape and structure, and high-frequency compo-
nents corresponding to texture and noise.

III. METHODS
A. Overall Architecture

In this section, we present the Frequency-guided Disen-
tanglement Framework(FreqDF) as shown in Figure 1, com-
prising two key components: a disentanglement network that
separates modality-shared and modality-specific features, and
an Enhancement-Fusion Module (EFM) that integrates these
representations. During training, we introduce a Frequency-
Domain Constraint (FDC) to explicitly supervise disentangle-
ment.
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Fig. 2: Architecture of the Enhancement-Fusion Module (EFM). It comprises a Feature Enhancement Unit (FEU) for cross-
branch feature recalibration via Group Norm-based gating, and a Cross-Fusion Unit (CFU) that employs differentiated

convolutions and adaptive attention for final feature integration.

a) Disentanglement Strategy: Let X = {x;}} | denote
the input set of N modalities. As illustrated in Figure 1,
our framework utilizes a dual-path architecture to construct
disentangled subspaces, consisting of a unified Modality-
Shared Encoder (E*"%) and N independent Modality-Specific
Encoders (E£;7). In the shared path, all inputs share the weights
of E*ha (o extract shared features r¢ € ROXH " xW"xD" 1y
parallel, each modality is processed by its specific encoder
E:? to generate specific features s* of identical dimensions.

b) Integration Strategy: Effective integration of the dis-
entangled shared (r%) and specific (s*) features is critical.
Since naive concatenation or summation ignores the inherent
semantic and spectral gaps between these representations,
we propose a two-stage Enhancement-Fusion Module (EFM).
Comprising a Feature Enhancement Unit (FEU) and a Cross-
Fusion Unit (CFU), this module recalibrates and collabo-
ratively fuses the disentangled features to ensure structural
coherence and boundary precision.

B. Enhancement-Fusion Module

1) Feature Enhancement Unit: As shown in Figure 2,
the FEU leverages Group Normalization (GN) statistics to
suppress noise and selectively emphasize informative regions.
Let Y = Concat[s, ] denote the concatenated features. We
apply GN to normalize Y

i 5/0Z — K

Y, =7~ JoT e + 8, (1
where c denotes the c-th channel, i1 and o are the group mean
and standard deviation, € is a constant for numerical stability,
and vy, 3 € RY are learnable affine parameters. Crucially, we
interpret the scale parameter . as an indicator of channel
significance, where larger magnitudes correspond to richer
spatial information rather than noise.

We derive a channel-wise weight vector w? to modulate

activation by normalizing v and applying non-linear scaling
to the features Y':

: i g
w,=0|Y/ O ), 2)
( Zj=1’7;+6

where C' is the number of channels, o(-) is the Sigmoid
function, and ® denotes element-wise multiplication.

Subsequently, a gating mechanism generates complemen-
tary weight masks Wi, Wi € ROXH"xW"xD" pased on a
threshold 7 = 0.5:

1 ifw>7
Wy = .
w otherwise,

These generated weights are employed to recalibrate the input
features. To facilitate information exchange while preserving
distinctiveness, we employ a cross-injection strategy. Let (),
and 24, denote the channel indices for specific and shared
features within Y¢. We apply W/ to highlight dominant
information and W to extract complementary context. The
enhanced specific (5%) and shared (#%) features are derived as:

si=(WioY, . rn=WieY), .,

sha
sy= (W30, . rp=W0Y"), ., @

sha

0 ifw>r
Wy = { . (3)
w otherwise,

5 =5\ 471l =7t 4 sh,

where (-)q denotes channel slicing. These ensures the specific
branch absorbs necessary structural context from the shared
branch without being overwhelmed by it, and vice versa.

2) Cross-Fusion Unit: To seamlessly merge the enhanced
features, we introduce the Collaborative Fusion Unit (CFU).
First, the enhanced features 5° and ' are squeezed into
i e REXH" W D" yiz 1 x 1 convolutions.

Considering the distinct nature of the two branches, we
apply differentiated convolution strategies: Group-wise Con-
volution (GWC) for the shared branch to aggregate correlated
global structures, and Point-wise Convolution (PWC) for the
specific branch to preserve independent edge details without
blurring. A parameter-shared PWC (PWC’) is also applied to
both streams to facilitate cross-stream information flow.
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Finally, an adaptive selection mechanism fuses these
streams. We first capture global context via Global Average
Pooling to generate descriptors P; and P). Channel-wise

attention vectors a’., a’ € R are then computed via Softmax:

P} Pl

i er i
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where al + a’ = 1. The final fused feature F is obtained by
dynamically weighting the branches:

Fi=# oa +5 oad. (7)
This allows the network to dynamically balance modality-

specific details and modality-shared structures, achieving a
robust and precise representation.

C. Frequency Constraint Loss

To explicitly decouple features, we introduce a frequency-
domain supervision scheme. Let F' € R*P FXHEXWE e
note an intermediate feature map. We transform F' into the
frequency domain and shift the zero-frequency component
to the center via the 3D Fast Fourier Transform (FFT). To
separate components, we define a binary mask M active
only in the central region determined by a bandwidth ratio
p = 0.5. For a frequency coordinate (u, v, w), M(u,v,w) =1
if the coordinate lies within the central p-proportion, and
0 otherwise. We apply this mask and perform Inverse FFT
(IFFT) to generate shape-oriented low-frequency maps (Fjow)
and texture-oriented high-frequency maps (Fign):

Z = FFT(F),
Fiow = IFFT(Z & M), ®)
Fhigh = IFFT(Z ® (1 — M)),

where Z is the complex spectrum and FFT(:) denotes the
Fourier transformation operation, 1 denotes an all-ones matrix
with the same size as M and IFFT(-) is the inverse Fourier
transform. Through this process, we effectively separate the
signal into shape-oriented low-frequency components and
texture-oriented high-frequency components.

Low-frequency Consistency Loss: To ensure that shared
features capture invariant anatomical structures, we impose a
consistency constraint by minimizing the Mean Squared Er-
ror (MSE) between the spatially reconstructed low-frequency
maps of different modalities:

2
) o

N-1 N 1
fo =3 3 (3
=1 j=1+1
where d = C x DF x HY x W represents the feature
dimensions, N is the number of modalities, 77, denotes the
low-frequency feature map from the ¢-th shared encoder, and
| - ]2 denotes the Lo norm.

i J
Tlow = Tlow

High-frequency Discrepancy Loss: Conversely, to prevent
information leakage and encourage modality-specific details
(e.g., textures), we maximize the discrepancy between spe-
cific features. This is formulated as minimizing the negative
Sigmoid of their pairwise MSE:

N-1 N 1 9
— i J
Chin == 3 o (g~ shea) 10
i=1 j=i+1
where s} on, Tepresents the high-frequency map from the i-th
specific encoder. The Sigmoid function o (-) acts as a bounded
mapping to stabilize optimization as the distance increases.
Total Objective: The overall training objective integrates
voxel-wise segmentation supervision with these frequency-
guided constraints:

Ctotal = £seg +ao- Elow + B : £high7 (11)

where Lscq = Lpice + Lpcr combines Dice and Binary
Cross-Entropy losses. The hyperparameters «v and § balance
the contribution of the consistency and discrepancy constraints.

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets and Evaluation Metrics: We evaluate our
method on the BraTS 2018 and 2020 datasets [29], comprising
multi-modal scans (T1, Tlce, T2, FLAIR; 240 x 240 x 155).
Both datasets are randomly split into training, validation,
and testing sets (7:1:2) to segment the Whole Tumor (WT),
Enhancing Tumor (ET), and Tumor Core (TC). Segmentation
performance is measured using the Dice Similarity Coefficient
(DSC) and 95th percentile Hausdorff Distance (HD95). The
ablation studies are mainly performed on the BraTS 2018.

2) Implementation Details: Our framework utilizes a
ResNet50 backbone with Feature Pyramid Encoders, imple-
mented in PyTorch 1.13.1 on Python 3.9.18. Models trained
from scratch on two Tesla V100 GPUs for 40,000 iterations
via Adam (batch size 2/GPU). We set the initial learning
rate to 1 x 10~* with a 2,000-iteration warm-up and cosine
decay. Standard augmentations (random flipping, cropping,
and intensity shifting) are applied to mitigate overfitting.

B. Comparison with Other Methods

We compare our approach against representative CNN base-
lines, including CNN-based models: 3D U-Net, Residual 3D
U-Net [5], and a ResNet50-based backbone [30]. Additionally,
we compare against CNN-Transformer hybrid architectures,
including UNETR [17], SwinUNETR [31] and TransBTS [32].

Table I summarizes the quantitative results on the BraTS
2018 and 2020 datasets. Overall, our framework achieves the
best performance with the highest Mean DSC (84.93% and
87.87%) and the lowest Mean HD95 (3.27mm and 3.55mm).
Compared to the ResNet50 baseline, our method yields sub-
stantial improvements across metrics, notably a 2.45% DSC
increase in the 2018 Tumor Core (TC) and significant HD95
reductions on both datasets. This performance gain validates
our frequency-guided supervision: low-frequency constraints



TABLE I: Quantitative comparison on the BraTS 2018 and BraTS 2020 datasets. The best results are bolded and the second-
best are underlined. 1 indicates higher is better, and | indicates lower is better.

BraTS 2018 BraTS 2020

Methods Dice Score (%) + HDY5 (mm) | Dice Score (%) + HDY5 (mm) |

ET TC WT Mean ET TC WT Mean ET TC WT Mean ET TC WT Mean
3D U-Net 7291  84.64 90.95 82.84 235 4.22 4.54 3.70 80.76  89.64  92.55 87.65 3.07 6.39 7.39 5.62
Residual 3D U-Net 7142 7601 91.12  79.51 4.24 8.13 6.36 6.24 79.78 8821 92.24 86.74  5.17 7.61 8.53 7.10
ResNet50 (Baseline) 74.97 8544 9126 83.80 225 430 473 376 80.56 89.42 9274 8757 271 628 538  4.79
UNETR 69.69 80.68 89.55 7997 352 819 996 722 79.01 8655 9129 8562 3.86 7.56 11.19 7.54
SwinUNETR 71.34  75.04 9094 79.11 2.47 6.37 7.19 5.34 80.71 88.38 91.24 86.77 4.90 8.01 10.56 7.82
TransBTS 68.35 70.55 8790 7560 5.18 10.77 9.49 8.48 79.79 8591 91.30 85.67 5.28 12.16  10.73 9.39
Ours 7486 87.89 92.03 8493 214 421 346 327 8096 89.90 9273 87.87 2.60 3.17 4.86 3.55

preserve holistic structures (aiding WT), while high-frequency
discrepancy sharpens boundaries and internal variations (im-
proving TC and HD95). Although Enhancing Tumor (ET)
performance remains comparable to the baseline, the superior
aggregated metrics confirm the robustness of our collaborative
fusion strategy.

As shown in Figure 3, our method achieves higher boundary
precision, successfully delineating fine-grained details. The
predicted tumor margins are sharper and align closely with
the ground truth, even in complex transition regions.

UNETR

swinUNETR TransBTS ResNet Ours Ground Truth

Fig. 3: Visual comparison of segmentation results

C. Ablation Study

We analyze the contribution of each component, the selec-
tion of FDC function, and the impact of hyperparameters.

TABLE II: Ablation study on the effectiveness of different
components and the bandwidth ratio of FDC.

DSC (%)

DF - FDC EFM —pr——1c— WT  Mean
i i - 7497 8544 9126  83.89
v . - 7256 8718 9083  83.52
oo - 7372 8806 90.94 8424
v i v 7336 8780 9188 8435
v v 7486 8789 9203 8493
v p=02 v 7086 8298 8865 8083
v p=08 v 7126 8333 8942 8134

1) Effectiveness of Key Components: Table II summa-
rizes the ablation of the Disentanglement Framework (DF),

Frequency-Domain Constraints (FDC), and Enhancement-
Fusion Module (EFM).

As shown, naively applying DF causes a slight performance
drop due to feature ambiguity. However, adding FDC resolves
this by explicitly separating modality-specific textures (bene-
fiting ET/TC) from shared shapes, improving Mean DSC to
84.24%. Integrating EFM to collaboratively fuse these refined
features yields the highest Mean DSC of 84.93% with a
notable 2.45% TC gain over the baseline. Furthermore, vary-
ing the FDC bandwidth ratio (p) reveals that extreme values
(p = 0.2 or 0.8) significantly degrade accuracy, confirming
that a balanced frequency partition (p = 0.5) is crucial for
optimal disentanglement.

TABLE III: Ablation study on frequency loss functions.

. DSC (%)
Loss Function ET TC WT Mean
Cosine Similarity 7484 8756 9191 84.77
KL divergence 7490 88.14 91.72 84.92
Mean Squared Error(Ours) 74.86 87.89 92.03 84.93

2) Selection of Frequency Loss Function: As shown in
Table III, we evaluate three metrics for frequency constraints:
Cosine Similarity (COS), KL Divergence (KL), and Mean
Squared Error (MSE). While distance-based metrics (KL and
MSE) consistently outperform the direction-based COS, MSE
achieves the highest overall Mean DSC of 84.93% by most
effectively capturing spectral magnitude discrepancies.
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(a) Grid search of parameters
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(b) Sensitivity analy-
sis of parameters



3) Impact of Hyperparameters: Grid search yields optimal
hyperparameters of a« = 0.5 and = 0.03 (Figure 4a). Further
sensitivity analysis (Figure 4b) shows that performance de-
grades significantly if weights exceed these ranges, suggesting
that excessive auxiliary loss weighting disrupts the gradient
flow of the primary segmentation task.

V. CONCLUSION

In this paper, we propose a novel Frequency-guided Disen-
tanglement Framework (FreqDF) for multi-modal brain tumor
segmentation. By exploiting spectral analysis as a physi-
cal prior, our method explicitly decouples modality-shared
anatomical structures from modality-specific edge details. To
guarantee robust separation, we introduce the Frequency-
Domain Constraint (FDC), which imposes consistency in
low-frequency shapes while maximizing discrepancy in high-
frequency textures. Finally, the Enhancement-Fusion Module
(EFM) collaboratively integrates disentangled features, ensur-
ing structural coherence and precise boundary delineation.
Extensive experiments and comprehensive ablation studies
demonstrate that our method achieves superior segmentation
accuracy and effective disentanglement.
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