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Abstract. Multi-modal medical image fusion aims to integrate comple-
mentary information across heterogeneous modalities into a unified and
informative representation for clinical analysis. However, most existing
approaches rely on heuristic or implicit feature aggregation strategies,
lacking a principled mechanism to explicitly align cross-modal distri-
butions, which often results in compromised structural consistency and
semantic coherence. To address this, we propose a paradigm shift by
reformulating multi-modal fusion task as a cross-domain distribution
alignment problem, inspired by Optimal Transport (OT) framework.
Specifically, we interpret fusion as seeking one minimum-cost match-
ing between the source modalities and the idealized fused distribution,
thereby providing a theoretically grounded criterion for cross-modal in-
tegration. Building upon this, we develop OTFusion, an end-to-end 3D
framework driven by OT principles. OTFusion leverages the collabora-
tive dual-network architecture, the U-Net-based mapping network that
generates the fused representation, and the latent potential network es-
timates Kantorovich potentials to regularize the fusion process toward
the optimal transport objective. Furthermore, we introduce a Cross-
Dimensional Interaction Module (CroDIM) to explicitly capture complex
inter-modal dependencies across spatial and feature dimensions, enabling
effective multi-perspective information coupling. An adaptive optimiza-
tion constraint is additionally incorporated to enhance cross-modal com-
plementarity while preserving feature consistency. Experiments on vari-
ous datasets demonstrate the OTFusion consistently outperforms state-
of-the-art methods in both qualitative visualization and quantitative
evaluation, validating its effectiveness and robustness for multi-modal
medical image fusion.
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1 Introduction

Multi-modal medical imaging provides complementary information for clinical
analysis, where different modalities including various Magnetic Resonance Imag-
ing (MRI) and Computed Tomography (CT) capture distinct anatomical struc-
tures and functional characteristics [1]. Integrating such heterogeneous informa-
tion into one unified representation has therefore become an important role in
medical image analysis, benefiting downstream tasks such as visualization, diag-
nosis, and treatment planning [21]. Multi-modal medical image fusion (MMIF)
aims to synthesize an informative representation that preserves salient struc-
tures while maintaining modality-specific semantics [16]. Conventional methods
fuse features via simple extraction and summation [8], but manual weighting
often limits both fusion accuracy and computational efficiency. Deep learning-
based methods enable end-to-end cross-modal fusion by leveraging convolutional
feature learning [15], adversarial domain adaptation [19], and attention-based
long-range modeling [17]. However, convolution is limited to local receptive fields,
attention may cause uncontrolled cross-modal mixing, and adversarial strategies
often rely on empirical objectives and suffer from instability, restricting the ef-
fectiveness and stability of MMIF.

Therefore, effective fusion remains challenging due to the inherent cross-
modal distribution discrepancy. Different modalities often exhibit substantial
variations in intensity statistics, contrast mechanisms, and semantic emphasis,
making it difficult to simultaneously preserve structural consistency and seman-
tic coherence. Most existing fusion methods adopt heuristic and implicit feature
aggregation strategies [18], which may lead to unstable inter-modal interaction
and insufficient distribution alignment, thereby producing fused results that ei-
ther distort anatomical structures or fail to retain critical modality-specific in-
formation.

In this work, we introduce an optimal transport (OT)-inspired perspective
by reformulating multi-modal fusion as a cross-domain distribution alignment
problem. Specifically, we interpret fusion as seeking a minimum-cost coupling
between source modality distributions and an idealized fused distribution, which
provides a theoretically grounded criterion for cross-modal integration. Rather
than explicitly computing transport plans, we leverage the Kantorovich dual
formulation and estimate transport-induced potentials to regularize the fusion
process toward OT-consistent alignment. Based on this formulation, we pro-
pose OTFusion, an end-to-end 3D fusion framework driven by OT principles.
OTFusion adopts a collaborative dual-network architecture, consisting of a U-
Net-based mapping network for generating fused representations and a latent
potential network for estimating Kantorovich potentials to guide OT-based reg-
ularization. Furthermore, we introduce a Cross-Dimensional Interaction Mod-
ule (CroDIM) to explicitly capture complex inter-modal dependencies across
spatial and feature dimensions, enabling effective multi-perspective information
coupling. An adaptive optimization constraint is additionally incorporated to
enhance cross-modal complementarity while preserving feature consistency.
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Fig. 1. Overview of the proposed OT-based optimization pipeline for multi-modal fu-
sion.

Our contributions are summarized as follows: 1) We propose an OT-
inspired formulation that reformulates multi-modal medical image fusion as a
cross-domain distribution alignment problem. 2) We develop an end-to-end 3D
OT-driven fusion framework (OTFusion) with a dual-network design based on
Kantorovich potential regularization. 3) We introduce CroDIM and an adaptive
optimization constraint to better model inter-modal dependencies and enhance
complementarity while maintaining feature consistency. 4) Experiments on mul-
tiple datasets validate the effectiveness and robustness of the proposed.

2 Method

Given two 3D medical modalities x, y ∈ RC×H×W×D, where C, H, W , and D
denote the channel, height, width, and depth, respectively, we formulate multi-
modal fusion as a distribution-guided mapping problem. Unlike supervised fu-
sion, no explicit ground-truth fused target is available. Therefore, the fused rep-
resentation is encouraged to align with an implicit distribution jointly induced by
the source modalities. To achieve principled distribution alignment, we adopt an
Optimal Transport (OT) perspective and optimize a coupled mapping–potential
objective in an unsupervised manner. Specifically, OTFusion (see Fig. 1) consists
of two collaborative components: (i) a mapping network Gθ that generates the
fused output FOT,

FOT = Gθ(x, y), (1)

and (ii) a potential network fω that estimates the Kantorovich dual potential
to quantify distributional discrepancy and provide gradient-based regularization
for optimizing Gθ,

∇LG
θ ← fω(·). (2)

Optimal Transport: Different from classical OT formulations that explicitly
optimize transport plans, the proposed OTFusion follows a neural OT paradigm
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that performs implicit cross-modal distribution and alignment via learned trans-
port mappings and Kantorovich potentials[4,3]. In OT, the Wasserstein-1 dis-
tance between two distributions admits the Kantorovich dual form [4]:

W1(P,Q) = sup
∥f∥L≤1

(Eu∼P [f(u)]− Ev∼Q[f(v)]) , (3)

where the optimal f is the Kantorovich potential. P and Q are the source and
target distribution.
OT-guided Optimization Objective: Motivated by above formulation, we
parameterize f using the potential network fω, and employ it to guide the fused
distribution Qf toward the implicit target distribution. Concretely, the mapping
network Gθ is optimized using a joint objective that combines a W2-consistent
quadratic cost to preserve modality-consistent structural information with the
W1 dual potential fω to minimize the distributional OT discrepancy with respect
to both input modalities:

LG
θ =

1

|B|
∑

(x,y)∈B

[
α1∥x−Gθ(x, y)∥22 + α2∥y −Gθ(x, y)∥22 − fω

(
Gθ(x, y)

)]
, (4)

where |B| denotes the batch size, ∥ · ∥2 defines the quadratic cost consistent
with the Wasserstein-2 distance, and α1, α2 are modality-adaptive coefficients
to balance structural contributions from each modality. Meanwhile, the potential
network fω is optimized to approximate the OT dual potential by minimizing
the discrepancy between the fused output and each modality distribution:

Lf
ω =

1

|B|
∑

(x,y)∈B

[
β1

(
fω(Gθ(x, y))− fω(x)

)
+ β2

(
fω(Gθ(x, y))− fω(y)

)]
, (5)

where β1 and β2 control the relative contributions of the two modalities in the
dual optimization. The two networks are optimized in an asymmetric alternating
manner: Gθ progressively generates fused outputs with improved distributional
alignment, while fω refines the Kantorovich potential estimation. Notably, Qf is
not a fixed explicit target but an implicit distribution jointly induced by Px and
Py. Guaranteed by the uniqueness of the Kantorovich potential for absolutely
continuous distributions, our alternating optimization empirically converges to
a stable joint distribution rather than acting merely as a distance regularizer.
Adaptive Weighting: To highlight structurally informative regions, the coeffi-
cients α1 and α2 are adaptively computed from the high-frequency energies Ex

and Ey of the two modalities via discrete wavelet transform (DWT) [7]:

α1 =
Ex

Ex + Ey + ε
, α2 =

Ey

Ex + Ey + ε
, (6)

where ε = 10−6 ensures numerical stability. Similarly, modality-wise information
richness is quantified by information entropy [11], based on which β1 and β2 are
computed as:

β1 =
Hx

Hx +Hy + ε
, β2 =

Hy

Hx +Hy + ε
, (7)
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where Hx and Hy denote the average entropies of the two modalities.
Auxiliary Fusion Loss: The auxiliary constraints including structural similar-
ity, intensity consistency, and gradient preservation are incorporated to further
enhance structural consistency and semantic coherence [6]:

LG
fusion = (1− Lssim) + Lint + Ltext. (8)

Total Loss: The final optimization objectives of OTFusion are given by:

min
θ

(
LG
θ + LG

fusion

)
,min

ω
Lf
ω. (9)

Encoder

Decoder

AP: Averagepooling.    MP: Maxpooling.

CroDIM: Cross-Dimensional Interaction Module. 
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Fig. 2. Illustration of the detailed architecture. (a) The mapping network Gθ. (b) The
potential network fω. (c) The structure of the proposed CroDIM, where W denotes
the convolutional kernel.

Mapping network Gθ: The mapping network Gθ adopts a 3D encoder–decoder
architecture to model the deterministic fusion mapping between two input modal-
ities (see Fig. 2). Given inputs x and y, modality-specific features are first ex-
tracted through encoders:

Fx = Enc(x), Fy = Enc(y), (10)

where Enc(·) consists of stacked 3D convolutions with progressive downsam-
pling to capture multi-scale contextual representations. The extracted features
preserve modality-specific structural cues and semantic saliency.
Cross-Dimensional Interaction Module (CroDIM): While parallel en-
coders capture complementary representations, effective fusion requires explicit
cross-modal interaction to align and integrate salient information. To this end,
we introduce CroDIM as the core fusion operator, which performs (i) bidirec-
tional cross-modal conditioning and (ii) quad-dimensional adaptive convolution
to model multi-perspective dependencies across spatial and feature dimensions.

CroDIM first performs bidirectional conditioning between modalities, allow-
ing each modality to adaptively refine its feature representations according to
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the complementary information from the other:

F̂x = Fx ⊙ σ(BN(Conv(Fy))) , F̂y = Fy ⊙ σ(BN(Conv(Fx))) , (11)

where σ(·) denotes the sigmoid function and ⊙ indicates element-wise modula-
tion with residual connection. Building upon the refined features, CroDIM fur-
ther performs quad-dimensional adaptive convolution by generating dimension-
specific attention weights along the spatial, input-channel, output-channel, and
kernel dimensions [5]. These weights are then cross-modulated between modal-
ities to obtain interacted weights, which are used to reconstruct adaptive con-
volutional kernels. Specifically, for each dimension z ∈ {S,C, F,K} and kernel
index n ∈ 1, . . . , N , the attention weights δzm,n from two modalities are interacted
through element-wise multiplication followed by residual aggregation, enabling
bidirectional modulation across modalities:

pzx,n = δzx,n + δzx,n · δzy,n, pzy,n = δzy,n + δzx,n · δzy,n. (12)

The interacted weights pzm,n are used to construct adaptive convolutional kernels,
which are applied to the modulated features F̃x and F̃y as follows:

F̃m =

(
N∑

n=1

pzm,nWm,n

)
∗ F̂m, m ∈ {x, y}. (13)

The two cross-modal features are aggregated and fed into the decoder, where
they are reconstructed in conjunction with the original features Fx and Fy via
successive upsampling and skip connections to produce the final fusion output:

FOT = Dec
(
(F̃x + F̃y), Fx ⊕ Fy

)
, (14)

where Dec(·) denotes the decoder in 3D U-Net backbone [3], and ⊕ represents
element-wise addition.
Potential Network fω: The potential network fω, implemented with a ResNet
backbone (see Fig. 2), approximates the Kantorovich dual in Wasserstein-1 OT,
acting as a distribution-level critic that guides Gθ by measuring discrepancies
between fused and source distributions.

3 Experiments

Datasets and Implementation Details: Extend experiments are evaluated
on the publicly available 3D medical datasets: SynthRAD [12] and BraTS1. All
volumes are center-cropped to fixed sizes of (160, 160, 192) for SynthRAD and
(160, 192, 144) for BraTS. For SynthRAD, 160 paired CT–MRI volumes are used
for training and 20 for testing. For BraTS, 150 paired MRI-T1 and MRI-T2 vol-
umes are used for training and 20 for testing. All experiments are implemented
1 https://www.med.upenn.edu/cbica/brats/

https://www.med.upenn.edu/cbica/brats/
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Fig. 3. Qualitative comparison of the proposed with the state-of-the-art methods on
SynthRAD dataset.

in PyTorch and conducted on an H20-NVLink GPU. The network is optimized
using Adam with an initial learning rate of 2× 10−4 and a batch size of 32.
Compared Methods and Metrics: The proposed is compared with sev-
eral state-of-the-art multi-modal fusion approaches, including TUFusion [20],
LRFNet [2], ITFuse [10], MM-Net [13], MACTFusion [18], MMAE [14], and VD-
MUFusion [9]. All methods are evaluated using the official implementations. Fu-
sion performance is assessed using widely adopted quantitative metrics: SSIM ,
QG, QTE , NCC, LMI, QNCIE , and QP .
Results: Qualitative results on SynthRAD are illustrated in Fig. 3. Most ex-
isting approaches exhibit evident modality preference. TUFusion, ITFuse and
VDMUFusion effectively preserve MRI structural information but compromise
CT intensity consistency, leading to attenuated contrast in high-density regions.
In contrast, LRFNet and MM-Net emphasizes CT intensity characteristics at
the expense of structural sharpness, resulting in blurred anatomical boundaries.
Although MACTFusion and MMAE present relatively balanced visual appear-
ances, they still suffer from contrast bias or subtle texture degradation. Com-
pared with these methods, the proposed OTFusion achieves the faithful integra-
tion of complementary information: it preserves salient CT intensity characteris-
tics while simultaneously maintaining fine-grained MRI textures and structural
continuity, producing visually consistent and natural fusion results. Quantitative
comparisons are reported in Table 1. OTFusion attains the best or the subop-
timal performance on both datasets, demonstrating strong overall competitive-
ness. In particular, higher QNCIE and LMI values reflect effective cross-modal
information interaction, while consistently strong NCC and SSIM scores in-
dicate improved structural similarity and spatial consistency with the source



8 X. Wei et al.

Table 1. Quantitative Comparison between OTFusion and other Methods. The Best
and Suboptimal are highlighted in Red and Blue.

Dataset Method QNCIE ↑ QTE ↑ QG ↑ QP ↑ LMI ↑ NCC ↑ SSIM ↑

SynthRAD

TUFusion 0.8167 1.0294 0.3815 0.4772 0.6908 0.3148 0.4200
LRFNet 0.8136 1.0563 0.4069 0.4394 0.6668 0.2784 0.3642
ITFuse 0.8131 1.0889 0.2375 0.3660 0.6676 0.2713 0.2894

MM-Net 0.8154 0.9794 0.4323 0.4256 0.6950 0.3072 0.3780
MACTFusion 0.8129 1.0923 0.5914 0.4392 0.6590 0.2658 0.3974

MMAE 0.8164 1.0081 0.5210 0.4496 0.7037 0.3122 0.4049
VDMUFusion 0.8161 1.1053 0.3943 0.4953 0.7020 0.3074 0.3608

Ours 0.8167 1.1001 0.6642 0.5107 0.7087 0.3154 0.4233

BraTS

TUFusion 0.8108 0.9169 0.4112 0.5669 0.6802 0.2368 0.6421
LRFNet 0.8084 0.8772 0.4646 0.2796 0.7116 0.2005 0.6166
ITFuse 0.8103 1.2726 0.2453 0.5133 0.6416 0.2288 0.2223

MM-Net 0.8090 0.8723 0.4704 0.2941 0.7253 0.2138 0.6578
MACTFusion 0.8112 0.9112 0.4793 0.5679 0.7400 0.2448 0.6526

MMAE 0.8105 0.9249 0.4607 0.5394 0.7073 0.2409 0.5791
VDMUFusion 0.8110 1.2620 0.4450 0.5784 0.6936 0.2391 0.2937

Ours 0.8112 1.2847 0.4794 0.5795 0.7284 0.2412 0.6594

MRI-T1 w/o α w/o CQIM w/o β w/o WeightMRI-T2 w/o All Ours

Fig. 4. Qualitative visualization of ablation study results on the BraTS.

Table 2. Evaluation results of the ablation study. “w/o” denotes without.

Name CroDIM wavelet entropy QNCIE ↑ QTE ↑ QG ↑ QP ↑ LMI ↑ NCC ↑ SSIM ↑
w/o All – – – 0.8093 1.2605 0.4612 0.5016 0.6243 0.2214 0.6400
w/o CroDIM – ✓ ✓ 0.8096 1.2675 0.4653 0.5227 0.6630 0.2242 0.6416
w/o Weight ✓ – – 0.8097 1.2774 0.4751 0.5512 0.6830 0.2354 0.6519
w/o β ✓ ✓ – 0.8105 1.2793 0.4754 0.5631 0.6942 0.2397 0.6561
w/o α ✓ – ✓ 0.8102 1.2769 0.4735 0.5559 0.6857 0.2395 0.6526
Ours ✓ ✓ ✓ 0.8112 1.2847 0.4794 0.5795 0.7284 0.2412 0.6594

modalities. Moreover, superior QG and QP results further confirm enhanced
edge preservation and perceptual quality. Overall, OTFusion maintains the bal-
anced and stable performance across diverse criteria, highlighting its robustness
and comprehensive fusion capability. In future work, extended experiments will
be conducted to further validate its practical utility through downstream clinical
tasks (e.g., brain tumor segmentation on the BraTS dataset).

Ablation Study: Ablation studies on the BraTS dataset (Table 2, Fig. 4)
evaluate the contributions of CroDIM in the mapping network and the adaptive
weighting strategy. Removing CroDIM degrades most metrics, especially QTE ,
QP , and LMI, and produces blurred boundaries with weaker textures, high-
lighting its role in cross-modal feature interaction and structural preservation.
Excluding the wavelet-based α or entropy-based β similarly reduces performance,
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with the largest drop when both are removed, confirming that adaptive weighting
effectively balances modality contributions and preserves information.

4 Conclusion

In this paper, we propose OTFusion, an end-to-end Optimal Transport–driven
framework for multi-modal 3D medical image fusion. By reformulating fusion
as a cross-modal distribution alignment problem, OTFusion provides a princi-
pled mechanism to guide the fused representation toward structurally consistent
and semantically coherent integration. The proposed CroDIM enables explicit
cross-dimensional interaction, while the adaptive optimization strategy further
improves modality complementarity and feature consistency. Extensive experi-
ments across multiple datasets demonstrate that OTFusion achieves consistent
and robust improvement.
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