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a b s t r a c t

Multimodal medical image fusion (MMIF) integrates complementary information from different imaging modal-
ities, providing more comprehensive and reliable support for clinical diagnosis and analysis. Although Mamba-
based models efficiently capture long-range dependencies with low computational cost, existing approaches often
overlook frequency-domain features and directional structural information, resulting in insufficient detail preser-
vation and reduced semantic consistency. To address these limitations, we propose FDPMambaFuse, a fusion
network that combines frequency-domain decomposition with multi-directional parallel Mamba. The framework
employs a multi-level CNN-Mamba feature extractor, in which CNNs capture shallow spatial features, whereas
a discrete wavelet transform (DWT)-based parallel Mamba module models multi-scale frequency components,
long-range dependencies, and direction-sensitive structural details. A dual-stage fusion module is subsequently in-
troduced to enhance cross-modal complementarity through channel interaction and spatially adaptive attention.
In addition, we design an unsupervised hybrid loss that combines pixel-level uncertainty with image gradients
to improve structural consistency and overall visual quality. To further improve model generalization, we con-
struct and publicly release a high-quality photoacoustic-ultrasound fusion dataset, HIT-MMIF-PAUS. Extensive
qualitative and quantitative experiments demonstrate that FDPMambaFuse outperforms state-of-the-art methods
in fusion quality, structural fidelity, and edge clarity. Moreover, it achieves superior accuracy and robustness in
downstream tumor segmentation tasks, further verifying its practical potential in clinical applications. Our code
is publicly available at https://github.com/670768312/FDPMambaFuse.

1. Introduction

Advances in medical imaging technologies, various imaging modal-
ities have been extensively used in the clinical diagnosis and treat-
ment. However, single-modal imaging often fails to capture both struc-
tural and functional lesion characteristics, which can reduce diagnos-
tic accuracy and affect clinical decision-making (Azam et al., 2022;
Huang et al., 2020). Different imaging modalities provide complemen-
tary medical semantic information. For example, Computed Tomog-
raphy (CT) provides high-resolution anatomical information of bone
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structures and tissue density, whereas Magnetic Resonance Imaging
(MRI) offers exceptional soft-tissue contrast and functional character-
ization. The integration of CT and MRI enables more accurate le-
sion localization, tumor delineation, and preoperative planning (Grosu
et al., 2005). Single Photon Emission Computed Tomography (SPECT)
and Positron Emission Tomography (PET) both capture metabolic and
physiological processes. The fusion of SPECT or PET with MRI en-
hances the precision of functional assessment by combining metabolic
information with high-resolution structural details, thereby improv-
ing tumor detection, perfusion evaluation, and therapeutic monitoring
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Fig. 1. DWT decomposition results of different MMIF tasks. The DWT effectively separates low-frequency structural information from high-frequency directional
details, which provides an intuitive basis for analyzing the complementary relationships between different modalities. LL denotes the low-frequency sub-band
preserving overall structures, while LH, HL, and HH represent high-frequency sub-bands corresponding to horizontal, vertical, and diagonal directional details,
respectively. (a) MRI-PET fusion task; (b) MRI-SPECT fusion task.

(Jimenez-Mesa et al., 2023). Moreover, combining Ultrasound (US) with
Photoacoustic (PA) imaging integrates real-time anatomical observation
with high-contrast vascular and molecular information, enabling de-
tailed visualization of microvascular dynamics and tissue functionality
(Kim et al., 2024; Park et al., 2024). Multimodal medical image fusion
(MMIF) integrates complementary information from different modali-
ties, significantly enhancing diagnostic accuracy and clinical efficiency.

Convolutional neural network (CNN)-based methods exploit their
powerful feature extraction and parameter-sharing mechanisms to au-
tomatically learn cross-modal complementary information, thereby be-
coming the efficient approaches for image fusion (Fu et al., 2021; Li &
Wu, 2018; Liu et al., 2023a; Wen et al., 2023). Transformer-based fusion
methods utilize the self-attention mechanism of Vision Transformers
(ViTs) to overcome the locality limitation of convolutional models and
demonstrate stronger feature representation and fusion performance in
MMIF tasks (Dosovitskiy et al., 2020; Kirillov et al., 2023; Li et al., 2023;
Rao et al., 2022). Recently, the Mamba network, based on structured
state space models (SSMs), has shown outstanding performance in im-
age processing. Mamba captures long-range dependencies with linear
computational and memory complexity, offering higher modeling effi-
ciency than Transformer architectures, which presents strong potential
for high-resolution MMIF (Li et al., 2025; Ma et al., 2024).

Most existing DL-based fusion methods primarily focus on extract-
ing and integrating spatial-domain features. In fact, medical images are
often affected by noise and artifacts, which compromise the reliabil-
ity and discriminability of spatial-domain representations (Zhang et al.,
2025). Incorporating frequency-domain features offers a more accurate
and efficient approach to distinguishing structural information from ir-
relevant interference. Furthermore, common anatomical structures in
medical images, such as blood vessels and nerve fibers, exhibit distinct
directional characteristics (Yang & Farsiu, 2023). Therefore, integrating
direction-aware modeling into the network can further improve its rep-
resentational ability. The Discrete Wavelet Transform (DWT), a widely
used frequency-domain transformation method, decomposes spatial-
domain features into multiple frequency sub-bands, thereby enabling
multi-scale frequency representation. Additionally, DWT extracts detail
information in the horizontal, vertical, and diagonal directions, exhibit-
ing a certain degree of directional sensitivity and effectively enhancing
the representation of structural and textural features. Fig. 1 illustrates
the results of applying DWT to source and fused images in MMIF task.
The low-frequency sub-band (Low-Low, LL) preserves the overall struc-
tural information of the image, whereas the three high-frequency sub-
bands (Low-High, LH; High-Low, HL; High-High, HH) emphasize edge
and texture details from different directions, which demonstrates the
superiority of frequency-domain features in structural fidelity and de-

tail representation. Therefore, incorporating joint frequency-directional
modeling can suppress noise and artifacts while enhancing direction-
sensitive details such as edges and textures, which improves the model’s
capacity to represent source image features and enhances the structural
fidelity of the fused results.

Although DL-based MMIF methods have achieved satisfactory fusion
performance, they still exhibit several limitations: (i) In feature extrac-
tion, most existing methods (Liu et al., 2023b; Singh et al., 2009; Srivas-
tava et al., 2025; Wen et al., 2023) primarily focus on spatial-domain
features while neglecting spectral-domain information, which leads to a
loss of high-frequency details during deep downsampling. Moreover, the
absence of effective direction-aware modeling makes it difficult to pre-
serve anatomical structures with distinct orientations, which degrades
the structural fidelity of the fused images. (ii) In terms of the fusion
mechanism, most methods (Di et al., 2024; He et al., 2025; Tang et al.,
2022a; Zhou et al., 2025) employ channel concatenation, weighted fu-
sion, or attention-guided strategies but do not adequately model seman-
tic relationships and cross-modal complementarity, which impairs the
discriminability and structural fidelity of the fused images. (iii) Regard-
ing the loss function design, current methods (He et al., 2025; Liu et al.,
2023b; Srivastava et al., 2025; Tang et al., 2022a; Zhou et al., 2025)
mainly rely on low-level constraints such as the L1 norm, structural sim-
ilarity, and gradient consistency, but they lack selective guidance based
on modality reliability and key structural regions, which makes it dif-
ficult to ensure stable and high-quality structural representation in the
fused results when noise interference or large modality discrepancies
occur.

To address these challenges, we propose a novel frequency-domain
and parallel Mamba-based MMIF network, termed FDPMambaFuse.
First, we construct a multi-level CNN-Mamba feature extractor, in which
CNNs capture shallow spatial information, whereas the proposed DWT-
based parallel Mamba module performs deep semantic modeling. In this
module, the DWT decomposes spatial features into multi-scale, multi-
directional frequency components, while the proposed multi-directional
parallel Mamba (MSD-Mamba) models long-range dependencies and en-
hances direction-sensitive feature representations. This design enables
joint characterization of spatial, frequency, and directional informa-
tion while maintaining efficient global modeling, thereby enhancing
the expressive power of heterogeneous modality features. Furthermore,
we introduce a multi-stage feature fusion module that integrates cross-
modal semantics from shallow to deep levels by combining channel
exchange with spatial adaptive attention. This module first promotes
shallow semantic interaction through cross-modal channel exchange
and then uses an attention mechanism to emphasize critical informa-
tion, which enables effective feature aggregation and enhancement.
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To better guide unsupervised fusion training, we propose a pixel-level 
uncertainty-aware loss complemented by a gradient-based structural 
loss, which jointly optimizes fusion quality from both pixel-intensity and 
structural perspectives. In addition, to address the limitations of existing 
open-source MMIF datasets in modality diversity and clinical applicabil-
ity, we construct and release a high-quality multimodal fusion dataset 
named HIT-MMIF-PAUS. The dataset contains clinically significant PA-
US image pairs, which include multiple imaging types and provide more 
challenging real-world scenarios for evaluating the performance of fu-
sion networks. The main contributions of this work are summarized as 
follows:

1. We propose FDPMambaFuse, a novel MMIF framework that inte-
grates frequency-domain decomposition with the multi-directional 
parallel Mamba.

2. We develop a DWT-based parallel Mamba module that jointly 
captures spatial-frequency-directional information across different 
modalities.

3. We design a multi-stage feature fusion module that progressively in-
tegrates shallow-to-deep cross-modal semantics through channel ex-
change and spatial adaptive attention.

4. We introduce a pixel-level uncertainty-aware loss combined with a 
gradient-based structural loss to guide unsupervised fusion training.

5. We construct and release a clinically meaningful PA-US dataset, HIT-
MMIF-PAUS, providing diverse and realistic scenarios for MMIF per-
formance evaluation.

The remainder of this paper is organized as follows: Section 2 re-
views related work on MMIF. Section 3 details the overall architecture 
and core components of FDPMambaFuse. Section 4 introduces the ex-
perimental setting details, comparative results, and ablation studies. Fi-
nally, Section 5 and Section 6 provide the discussion and conclusion of 
the study.

2.  Literature review

2.1.  Traditional technique-based MMIF

Traditional technique-based MMIF methods can be broadly catego-
rized into frequency-domain approaches, spatial-domain approaches, 
and sparse representation (SR)-based approaches. Frequency-domain 
approaches are typically represented by the DWT and the non-
subsampled shearlet transform (NSST). These methods fuse high- and 
low-frequency components through multi-scale decomposition, which 
preserves structural information and fine details. However, these meth-
ods lack translation invariance, which makes the inverse transforma-
tion prone to artifacts. Guihong et al. (2001), Parmar and Kher (2012), 
Singh et al. (2009), Yin et al. (2018) Spatial-domain approaches op-
erate directly at the pixel level and offer advantages in terms of high 
efficiency and ease of implementation. For example, strategies based on 
HSV models or principal component analysis with stationary wavelet 
transform can highlight the complementarity between structure and 
function. However, these methods exhibit limited robustness to varia-
tions in resolution and complex imaging conditions, making them prone 
to spatial distortions. Bashir et al. (2019), Li et al. (2021), Stokking et al. 
(2001) SR-based approaches extract significant features through dictio-
nary learning, and convolutional sparse models leveraging morpholog-
ical component analysis can improve fusion accuracy. However, their 
performance depends heavily on dictionary quality and block-partition 
strategies, which also lead to relatively high computational complex-
ity. Liu et al. (2019), Yang and Li (2009), Zhang et al. (2018) Overall, 
these methods rely on manually designed rules or shallow-level features, 
which makes it difficult to achieve end-to-end optimization and capture 
deep semantic representations. Therefore, they show limited adaptabil-
ity in complex clinical scenarios.

2.2.  Deep learning-based MMIF

In recent years, DL has significantly advanced MMIF by enabling the 
efficient joint modeling of complementary information from different 
imaging modalities within end-to-end network frameworks. CNNs have 
established the classical encode-fuse-decode paradigm for multimodal 
image fusion. DenseFuse integrates multi-level features via dense con-
nections, whereas U2Fusion and IGNFusion introduce adaptive informa-
tion preservation mechanisms and cross-scale attention, respectively, to 
enhance the unsupervised fusion capability in adaptively modeling fea-
tures across different modalities (Li & Wu, 2018; Wang et al., 2022; 
Xu et al., 2020). Additionally, F-DARTS enhances structural represen-
tation and visual quality by incorporating neural architecture search 
(Ye et al., 2023). However, CNNs are constrained by local convolu-
tional kernels and have difficulty modeling long-range dependencies 
and structural correspondences across modalities. Additionally, CNNs 
lack adaptability to noise variations and modality heterogeneity in med-
ical imaging. Transformer-based methods facilitate global modeling us-
ing the self-attention mechanism. SwinFusion explicitly captures both 
intra- and cross-domain structural associations, improving texture con-
sistency (Ma et al., 2022). Hybrid CNN-Transformer architectures strike 
a balance between local detail preservation and global relationship mod-
eling, further enhancing fusion performance (Luo et al., 2025; Tang 
et al., 2022b). Structured State Space Sequence models (S4) efficiently 
capture long-range dependencies through linear recurrence. Building on 
this, Mamba introduces a selective mechanism that reduces complexity 
significantly while preserving strong global modeling capabilities, mak-
ing it a promising alternative to Transformers (Liu et al., 2024; Zhu 
et al., 2024). Mambadfuse is the first to apply Mamba modules to mul-
timodal image fusion tasks, achieving excellent fusion results (Li et al., 
2024). SAFFusion adopts a Mamba-UNet structure to extract and fuse 
multi-scale features from source images, effectively leveraging Mamba’s 
strength in long-range dependency modeling to enhance fusion perfor-
mance (Liu et al., 2025).

2.3.  Frequency-domain feature-based MMIF

An increasing number of studies have highlighted the importance of 
frequency-domain information in MMIF. NSST-CNP employs the NSST 
for multiscale decomposition and uses coupled neural P systems to im-
prove the preservation of structural and textural details (Satyanarayana 
& Mohanaiah, 2025). MsgFusion jointly models spatial- and frequency-
domain representations under medical semantic guidance, which pro-
motes cross-modal semantic complementarity (Wen et al., 2023). MMIF-
INet integrates the DWT with invertible neural networks, which en-
ables information-lossless and multiscale frequency fusion (He et al., 
2025). SAFFusion introduces a saliency-aware frequency fusion strat-
egy and leverages a Mamba-UNet architecture, which strengthens de-
tail representation in clinically critical regions (Liu et al., 2025). DWM-
Fusion combines discrete wavelet convolution with Mamba, which 
strikes a better balance between fusion performance and computa-
tional efficiency (Fan et al., 2025). SFDKAN performs spatial-frequency 
dual-domain fusion with Kolmogorov-Arnold networks, which improves 
high-frequency detail representation and global feature association (Lin 
et al., 2025). These studies collectively indicate that frequency-domain 
modeling has become a key direction for improving MMIF performance. 
However, existing frequency-domain fusion methods generally lack ex-
plicit modeling of directional characteristics, which limits their ability 
to maintain directional consistency and edge continuity of anatomical 
structures across modalities.

3.  Methodology

The overall architecture of the proposed FDPMambaFuse is shown 
in Fig. 2. It consists of three main steps: multi-level feature extraction, 
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Fig. 2. The overview of our FDPMambaFuse. FDPMambaFuse mainly consists of three stages: multi-level feature extraction, multi-stage feature fusion, and fused 
feature reconstruction. (a) Structure of FDPMambaFuse. (b) Structure of the MSD-Mamba module, Mamba structure, and schematic of the scanning directions. (c) 
Structure of the multi-stage feature fusion module.

multi-stage feature fusion, and fusion feature reconstruction. The net-
work receives a pair of images from different modalities as input. For 
grayscale modalities such as CT, MRI, and US, the images are directly 
used without additional preprocessing. But for pseudo-color modalities 
like PET, SPECT, and PA are usually represented in RGB format. These 
RGB images are first converted to the YCbCr color space, from which 
the luminance (Y) channel is extracted and used in the fusion process 
to preserve structural and intensity information. After fusion, the re-
sulting Y channel is combined with the original chrominance compo-
nents (Cb and Cr), and the image is converted back to RGB to produce 
the final fused result. In this process, only the luminance (Y) chan-
nel is used instead of chromaticity information because MRI and US 
are single-channel grayscale images that contain only luminance in-
formation and cannot provide color components. Therefore, color in-

formation is entirely provided by pseudo-color modes, such as PET, 
SPECT, and PA, eliminating the need for chromaticity components from 
grayscale images, which effectively preserves both structural and color
information.

3.1.  Multi-level feature extractor

To effectively extract spatial, frequency-domain, and directional fea-
tures from multimodal images, we design a multi-level feature extractor. 
This extractor consists of two levels: the shallow feature extraction mod-
ule, which focuses on extracting local textures and edge features in the 
spatial domain, and the deep feature extraction module, which extracts 
frequency-directional features and captures multi-scale high-frequency 
details and directional structural information.
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3.1.1.  CNN-based shallow-level feature extraction
First, the source images 𝐼𝐴 ∈ ℝ𝐻×𝑊 ×1 and 𝐼𝐵 ∈ ℝ𝐻×𝑊 ×1 are input 

into a shallow feature extractor consisting of three convolutional blocks. 
This extractor captures rich local texture and edge details from the 
multimodal inputs, generating the corresponding feature maps 𝐹𝐴 ∈
ℝ𝐻×𝑊 ×𝐶 and 𝐹𝐵 ∈ ℝ𝐻×𝑊 ×𝐶 . Each convolutional block consists of a 3 × 3
convolutional layer followed by a LeakyReLU activation function. The 
convolutional layers extract fine-grained spatial features, while the non-
linear activation enhances the network’s representational capacity. The 
shallow feature extractor preserves rich local structural information in 
the spatial domain, providing a foundation for subsequent high-level 
semantic modeling and cross-modal fusion.

3.1.2.  Mamba-based high-level feature extraction
Key anatomical structures in medical images exhibit distinct scale- 

and direction-specific characteristics in the frequency domain, making 
it challenging for spatial-domain modeling to balance global semantic 
consistency with local edge fidelity. The DWT explicitly separates low-
frequency structures and multi-directional high-frequency details in a 
single decomposition while preserving spatial locality, making it par-
ticularly suitable for generating compact and discriminative representa-
tions in medical images. While frequency decomposition provides struc-
tured directional subband representations, modeling long-range depen-
dencies across directions and scales requires additional contextual rea-
soning mechanisms, especially in anatomically complex regions. Based 
on these considerations, after obtaining the shallow features, we design 
a high-level feature extractor to enhance the ability to model global 
structures and high-level semantic relationships in multimodal images. 
This extractor consists of 𝑁 DWT-based parallel Mamba modules 𝜙𝑛. 
Specifically, a discrete wavelet decomposition is applied to the shallow 
features 𝐹 ∈ ℝ𝐻×𝑊 ×𝐶 , performing a single-level 2D DWT that produces 
one low-frequency and three directional high-frequency components: 
𝑌𝐿𝐿, 𝑌𝐿𝐻 , 𝑌𝐻𝐿, 𝑌𝐻𝐻 ∈ ℝ

𝐻
2 ×𝑊

2 ×𝐶 . We adopt a Daubechies-4 wavelet with 
fixed filter parameters, which provides favorable regularity and stability 
for medical image representation. The process is defined as:
(𝑌𝐿𝐿, 𝑌𝐿𝐻 , 𝑌𝐻𝐿, 𝑌𝐻𝐻 ) = DWT(𝐹 ) (1)

where DWT(⋅) denotes the DWT operation. The frequency-enhanced fea-
ture 𝐹𝑓𝑟𝑒𝑞 ∈ ℝ

𝐻
2 ×𝑊

2 ×4𝐶 are obtained by:
𝐹𝑓𝑟𝑒𝑞 = Concat(𝑌𝐿𝐿, 𝑌𝐿𝐻 , 𝑌𝐻𝐿, 𝑌𝐻𝐻 ) (2)

where Concat(⋅) denotes the concatenation operation. After obtaining 
the frequency-enhanced feature 𝐹𝑓𝑟𝑒𝑞 , the representation contains rich 
multi-directional and cross-scale information that is difficult to capture 
using a single-path state modeling strategy. Through frequency decom-
position, spatial features are explicitly separated into subbands with dis-
tinct directional and scale characteristics, providing a structured repre-
sentation for subsequent modeling.

Based on this structured frequency representation, we design MSD-
Mamba to perform state-space modeling along multiple propagation 
paths. Each path is defined by a specific sequence reordering strat-
egy, which induces a distinct recursive dependency pattern over the 
frequency-organized features, thereby altering the state transition topol-
ogy across frequency-structured tokens. By modeling these complemen-
tary propagation paths in parallel, the proposed module establishes a 
unified frequency-state modeling framework. The overall structure of 
MSD-Mamba is illustrated in Fig. 2(b).

Specifically, 𝐹𝑓𝑟𝑒𝑞 is first flattened into a 2D sequence and then nor-
malized:

𝑋 = LN(Flatten(𝐹𝑓𝑟𝑒𝑞)) (3)

where 𝑋 ∈ ℝ
𝐻 ⋅𝑊
4 ×4𝐶 denotes the normalized and flattened features. 

Flatten(⋅) indicates the flattening operation, and LN(⋅) denotes layer nor-
malization.

Next, the normalized feature sequence is divided into four paral-
lel subsequences, denoted as 𝑋 = [𝑋(1), 𝑋(2), 𝑋(3), 𝑋(4)], where 𝑋(𝑖) ∈

ℝ
𝐻𝑊
4 ×𝐶 for 𝑖 = 1, 2, 3, 4. Different sequence reordering operators are 

then applied to construct four input sequences with distinct arrange-
ments:

𝑋̂(𝑖) = 𝑖(𝑋(𝑖)) ∈ ℝ
𝐻𝑊
4 ×𝐶 , 𝑖 = 1, 2, 3, 4. (4)

The reordering operators are defined as:
𝑋̂(1) = 𝑋(1) (5)

𝑋̂(2) = Reverse
(

𝑋(2)) (6)

𝑋̂(3) = Permute𝑐𝑜𝑙
(

𝑋(3)) (7)

𝑋̂(4) = Permute𝑑𝑖𝑎𝑔
(

𝑋(4)) (8)

where, Reverse(⋅) denotes sequence reversal along the temporal dimen-
sion, while Permute𝑐𝑜𝑙(⋅) and Permute𝑑𝑖𝑎𝑔(⋅) represent column-wise and 
diagonal traversal reordering strategies, respectively. These operators 
induce complementary state transition patterns along horizontal, verti-
cal, and diagonal orientations, allowing the SSM to capture anisotropic 
long-range dependencies that are difficult to model using a single se-
quential ordering.

Each reordered subsequence 𝑋̂(𝑖) is independently processed by a 
corresponding Mamba branch. Specifically, two multilayer perceptrons 
are used to generate the main feature branch and the gating vector:
𝑥(𝑖) = MLP𝑥(𝑋̂(𝑖)), 𝑧(𝑖) = MLP𝑧(𝑋̂(𝑖)). (9)

where 𝑥(𝑖), 𝑧(𝑖) ∈ ℝ
𝐻𝑊
4 ×𝐶 . MLP(⋅) denotes MLP. The feature 𝑥(𝑖) is fur-

ther enhanced through local modeling using the convolutional operation 
Conv(⋅) followed by the SiLU(⋅) activation:
𝑥̃(𝑖) = SiLU(Conv(𝑥(𝑖))), (10)

where 𝑥̃(𝑖) ∈ ℝ
𝐻𝑊
4 ×𝐶 denotes the locally augmented trunk path feature. 

Subsequently, 𝑥̃(𝑖) is input into the state space model (SSM), which per-
forms recursive dependency modeling under the topology induced by 
the corresponding reordering operator, yielding the direction-aware fea-
ture output 𝑓 (𝑖) ∈ ℝ

𝐻 ⋅𝑊
4 ×𝐶′

:

𝑓 (𝑖) = SSM(𝑥̃(𝑖)) (11)

where SSM(⋅) performs dynamic parameter generation and sequence re-
cursion required for state modeling. The feature 𝑓 (𝑖) is fused with gating 
vector, and the final direction-aware output 𝑌 (𝑖) ∈ ℝ

𝐻 ⋅𝑊
4 ×𝐶 is obtained 

through the residual connection and mapping layer:
𝑌 (𝑖) = MLP𝑓

(

𝑓 (𝑖) ⊙ SiLU(𝑧(𝑖))
)

+𝑋(𝑖) (12)

Finally, the modeling results from the four directions are concatenated 
and restored to the original spatial shape to form the multi-directional 
structure-aware enhanced feature 𝐹 𝑓𝑟𝑒𝑞

𝑜𝑢𝑡 ∈ ℝ
𝐻
2 ×𝑊

2 ×4𝐶 :

𝐹 𝑓𝑟𝑒𝑞
𝑜𝑢𝑡 = Pro(LN(Concat(𝑌 (1), 𝑌 (2), 𝑌 (3), 𝑌 (4)))) (13)

where Pro(⋅) denotes the projection operation.
The four subband features are obtained by splitting 𝐹 𝑓𝑟𝑒𝑞

𝑜𝑢𝑡  along the 
channel dimension and are reconstructed into spatial-domain represen-
tations using the inverse discrete wavelet transform (IDWT). Through 
IDWT-based reconstruction and residual fusion, the frequency-domain 
dependency modeling results are continuously injected back into the 
spatial feature space, forming an explicit feedback mechanism for sub-
sequent layers. The output of the DWT-based parallel Mamba mod-
ule is generated through residual concatenation followed by convo-
lution. By stacking 𝑁 such modules, the deep feature representation 
𝐹𝑜𝑢𝑡 ∈ ℝ𝐻×𝑊 ×𝐶 is progressively extracted:
𝐹𝑜𝑢𝑡 = 𝜙𝑁◦⋯◦𝜙2◦𝜙1(𝐹 ) (14)

where 𝜙𝑁  represents the operation of the DWT-based parallel Mamba 
module.
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3.2.  Multi-stage feature fusion

Given that the multimodal medical image features extracted in the 
earlier stage still exhibit substantial discrepancies in terms of resolution, 
contrast, noise distribution, and structural representation, and consid-
ering that anatomical relevance varies across different spatial regions, 
we propose a multi-stage feature fusion module to achieve efficient and 
adaptive cross-modal fusion, as illustrated in Fig. 2(c). The first stage 
performs cross-modal feature topology reorganization and embeds di-
rectional structural priors into spatial representations. The second stage 
applies spatially adaptive modulation via a dual-branch attention mech-
anism on the reorganized features.

To address the differences in noise levels and detail representation 
between structural and functional modalities while avoiding mutual in-
terference between their information. In the first stage, deep features 
𝐹𝐴
𝑜𝑢𝑡, 𝐹

𝐵
𝑜𝑢𝑡 ∈ ℝ𝐻×𝑊 ×𝐶 from both modalities obtained by the feature ex-

traction extractors are partially exchanged in the channel dimension 
(Fang et al., 2023). Specifically, features from the even-indexed chan-
nels of 𝐹𝐴

𝑜𝑢𝑡 are exchanged with the corresponding channels in 𝐹𝐵
𝑜𝑢𝑡, en-

abling lightweight interaction and fusion of multimodal information 
without additional computational overhead. This operation explicitly 
reorganizes the cross-modal information flow in feature space, form-
ing interleaved modality representations that facilitate subsequent struc-
tured modeling.

Subsequently, the reorganized features are processed by the pro-
posed DWT-based parallel Mamba module. By decomposing the features 
into wavelet subbands and performing multi-directional state-space 
modeling, the module captures directional and cross-scale dependency 
patterns. These dependencies are then embedded into the spatial feature 
space through IDWT-based reconstruction, enabling the reconstructed 
spatial features to encode direction-aware structural relationships. This 
process is repeated, and the initial fused features 𝐹𝐴

𝑓1, 𝐹
𝐵
𝑓1 ∈ ℝ𝐻×𝑊 ×𝐶

are obtained through a convolutional module. The resulting spatial fea-
tures already encode directional structural dependencies and serve as 
topology-aware representations for the subsequent fusion stage.

Since different spatial regions exhibit modality-specific advantages 
in structural representation or functional response, in the second stage 
we introduce a lightweight dual-branch spatial attention mechanism 
to perform pixel-wise adaptive modulation. The attention mechanism 
operates on the topology-reorganized and direction-embedded spatial 
features obtained from the first stage, adaptively adjusting modality 
contributions across anatomical regions. Specifically, the initial fused 
feature pair 𝐹𝐴

𝑓1 and 𝐹𝐵
𝑓1 is first concatenated to form a joint spatial 

representation that integrates the structurally enriched features from 
both modalities, and is then processed through convolution, ReLU ac-
tivation, and Sigmoid normalization to generate two spatial attention 
maps 𝐴1, 𝐴2 ∈ ℝ𝐻×𝑊 ×𝐶 :

𝐴1, 𝐴2 = Sigmoid(Conv(ReLU(Conv(
Concat(𝐹𝐴

𝑓1, 𝐹
𝐵
𝑓1))))))

(15)

where Sigmoid(⋅) represents the Sigmoid activation function. The result-
ing attention maps 𝐴1 and 𝐴2 are then element-wise multiplied with 𝐹𝐴

𝑓1
and 𝐹𝐵

𝑓1, respectively, to adaptively weight the feature contributions of 
each modality across different anatomical regions.

The weighted features are then individually fed into a weight-sharing 
feature enhancement module composed of convolutional blocks to im-
prove the consistency and synergy of structural representations across 
modalities. Finally, the enhanced features from both modalities are 
fused through element-wise addition to obtain the final fused feature 
𝐹𝑓𝑢𝑠𝑒 ∈ ℝ𝐻×𝑊 ×𝐶 for subsequent reconstruction.

3.3.  Fusion feature reconstruction

The fusion feature reconstruction module adopts a structure sym-
metric to the feature extraction stage. It comprises multiple DWT-based 
parallel Mamba modules and a three-layer convolutional block, jointly 

preserving key information from the original modalities and enabling 
high-quality reconstruction of the fused features. For input pairs com-
posed of two grayscale modalities, the reconstructed fused feature di-
rectly serves as the final fusion result. However, when the input pair 
involves a pseudo-color modality such as PET, SPECT, or PA in RGB 
format, only the luminance channel Y of the pseudo-color modality par-
ticipates in the fusion process. After reconstructing the fused Y-channel, 
it is recombined with the original chrominance components Cb and Cr 
retained from preprocessing, and the fused YCbCr image is finally con-
verted back to RGB space to produce the final pseudo-color fused result.

3.4.  Loss function

As MMIF is an unsupervised learning framework, the loss function 
plays a pivotal role in steering the network toward producing reliable 
and clinically meaningful fusion results. We propose a hybrid loss func-
tion that integrates a pixel-level uncertainty-guided loss 𝑢𝑛 and an im-
age gradient-based loss 𝑔𝑟𝑎𝑑 . And the complete loss  is defined as 
follows:

 = 𝜆1𝑢𝑛 + 𝜆2𝑔𝑟𝑎𝑑 (16)

where 𝜆1 = 0.5 and 𝜆2 = 0.5 are weighting parameters. The overall loss 
function imposes complementary constraints at two levels, global se-
mantic information selection and local detail preservation, to jointly 
enhance the fusion quality.

The pixel-level uncertainty-guided loss 𝑢𝑛 models cross-modal relia-
bility variations to construct adaptive supervision for multimodal fusion. 
In multimodal medical imaging, pixel intensities at the same spatial lo-
cation often exhibit modality-dependent characteristics, making direct 
consistency constraints suboptimal. By estimating local cross-modal re-
liability, the proposed loss enables spatially adaptive supervision that 
reflects modality complementarity. To this end, we first compute the 
pixel-level uncertainty map 𝑈 between the input images 𝐼𝐴 and 𝐼𝐵 :
𝑈 = |

|

𝐼𝐴 − 𝐼𝐵|| (17)

where 𝑈 reflects the cross-modal consistency at each pixel location, with 
lower uncertainty indicating more reliable information at that position. 
Although 𝑈 is computed using pixel-wise intensity differences, it func-
tions as a cross-modal reliability prior that guides adaptive supervision 
construction.

Based on the uncertainty map, confidence-weighting coefficients 𝜔𝐴
and 𝜔𝐵 are generated to dynamically construct a pseudo-supervision 
target rather than reweighting an existing one. These coefficients are 
then used to generate the pseudo-fusion target map as follows:
𝑇 = 𝜔𝐴𝐼𝐴 + 𝜔𝐵𝐼𝐵

𝜔𝐴 = exp(−𝑈 ), 𝜔𝐵 = 1 − 𝜔𝐴
(18)

This generation strategy emphasizes the structural modality in cross-
modality consistent regions and enhances the functional modality in re-
gions with modality discrepancies, allowing the pseudo-labels to nat-
urally reflect the complementary relationship between structural and 
functional information. Then 𝑢𝑛 is calculated as:

𝑢𝑛 =
1
𝑁0

𝑁0
∑

𝑖=1
𝑈𝑖 ⋅ (𝐹𝑖 − 𝑇𝑖)2 (19)

where 𝐹𝑖 denotes the 𝑖th pixel position of the fused image, and 𝑁0 =
𝐻 ×𝑊  represents the total number of pixels in the image. During opti-
mization, the uncertainty map 𝑈 further modulates the contribution of 
each spatial location to the overall objective, coupling supervision con-
struction with confidence-aware regulation. Regions with higher uncer-
tainty are assigned stronger corrective influence, while more consistent 
regions are guided with smoother constraints. This adaptive regulation 
stabilizes learning in cross-modal conflict areas and improves structural 
fidelity in the fused results.

To better preserve structural details and edge information from the 
input modalities, we additionally incorporate an image gradient loss to 
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constrain the similarity between the fused image and the source images 
at the edge and texture levels. First, the Sobel operator ∇ is applied to 
extract image gradient information in both horizontal and vertical direc-
tions. Then, the differences in gradient space between the fused image 
𝐹  and the two input modality images 𝐼𝐴 and 𝐼𝐵 . 𝑔𝑟𝑎𝑑 is calculated as:

𝑔𝑟𝑎𝑑 = 1
𝑁0

‖

‖

∇𝐹 − max(∇𝐼𝐴,∇𝐼𝐵)‖‖2 (20)

where ‖⋅‖2 denotes the L2 norm, and max(⋅) represents the maximum 
value computation.

4.  Experimental results

4.1.  Experimental dataset and setup

For our experiments, we utilized the publicly available brain atlas 
dataset from Harvard University (https://www.med.harvard.edu/AAN-
LIB/home.html), and additionally constructed and open-sourced a mul-
timodal dataset, HIT-MMIF-PAUS, specifically for the PA-US image fu-
sion task.

The brain atlas dataset includes CT, MRI, SPECT, and PET modalities, 
encompassing a wide range of pathological conditions, including cere-
brovascular diseases, brain tumors, degenerative disorders, inflamma-
tory conditions, and normal brains. The dataset provides images in mul-
tiple anatomical planes (axial, sagittal, and coronal) with a uniform res-
olution of 256 × 256. All images are spatially aligned and preprocessed, 
making them widely used in multimodal medical image fusion research.

The HIT-MMIF-PAUS dataset includes various imaging targets, such 
as subcutaneous mouse tumors, human hand skin, human fingers, and 
mouse rectum, commonly used in medical tasks such as tumor detec-
tion and microvascular visualization. The image pairs are acquired us-
ing three different types of PA-US imaging systems: i) The linear-array 
imaging system utilizes the commercial S-Sharp Prodigy system (China), 
combined with a 532nm pulsed laser (SpitLight, Innolas, Germany) and 
a 128-element handheld ultrasound probe, producing original images 
of size 256×256. This system is suitable for high-resolution imaging 
of superficial and soft tissues, providing fine anatomical details, partic-
ularly for tumor and skin lesion detection. ii) The ring-array imaging 
system uses a custom fiber optic and a 980nm pulsed laser (GmbH, In-
nolas, Germany), along with a ring-shaped ultrasound transducer array, 
producing original images of size 512×512. This system enables deeper 
tissue imaging, suitable for large-area structural imaging and vascular 
visualization, providing high-contrast functional images, ideal for ob-
serving microvessels and deeper tissues. iii) The endoscopic imaging 
system consists of a 532nm pulsed laser (MIRON-DPSSL-PL, MIRON, 
Germany), an ultrasound transmission/reception unit (5073PR, Olym-
pus, Japan), and a photoelectric slip ring (PT1-Z8, Thorlabs, Germany), 
producing original images of size 512×512. This system features endo-
scopic imaging capabilities, suitable for high-resolution imaging in con-
fined spaces, particularly useful for observing complex structures, such 
as the gastrointestinal tract. All imaging systems combine both photoa-
coustic and ultrasound imaging functions, ensuring consistent spatial 
resolution across modalities and precise image registration. These three 
imaging approaches differ in their viewing angles and imaging depths, 
with the selected scan target areas being clinically representative and 
challenging, ensuring the dataset’s clinical relevance and applicability. 
To facilitate uniform training and testing of the network, we standard-
ized the image pair size to 256×256. Additionally, to support down-
stream segmentation tasks for MMIF fusion, we created a linear-array 
PA-US tumor segmentation dataset. The labels for this dataset were gen-
erated by clinical professionals based on a comprehensive analysis of 
both PA and US imaging results.

A total of 300 image pairs are selected for training and testing, cov-
ering four modality combinations: MRI-CT, MRI-PET, MRI-SPECT, and 
PA-US. The training set contains 40 image pairs for each modality com-

bination, while the testing set consists of 30 MRI-CT, 60 MRI-PET, 30 
MRI-SPECT, and 20 PA-US image pairs.

The experiments are conducted on a system equipped with an In-
tel(R) Xeon(R) Platinum 8370C CPU @ 2.80GHz and NVIDIA GeForce 
RTX 4090 GPUs. The implementation is based on the PyTorch frame-
work. The model is optimized using the AdamW optimizer. An initial 
learning rate of 0.0001 is adopted, and a cosine annealing strategy is 
employed to dynamically adjust the learning rate during training. All 
input images are resized to 256 × 256, and the batch size is set to 6. The 
model is trained for 300 epochs. The parameter 𝑁 in the DWT-based 
Parallel Mamba module is set to 9.

4.2.  Comparison methods and evaluation metrics

To validate the effectiveness of the proposed FDPMambaFuse, we 
compared it with two traditional fusion methods, including CSMCA 
(2019) (Liu et al., 2019) and NSST-PAPCNN (2019) (Yin et al., 2018), 
and eight DL-based methods, including IFCNN (2020) (Zhang et al., 
2020), U2Fusion (2022) (Xu et al., 2020), SwinFusion (2022) (Ma et al., 
2022), MM-Net (2024) (Liu et al., 2024), SAFFusion (2025) (Liu et al., 
2025), DWMFusion (2025) (Fan et al., 2025), Mambadfuse (2024) (Li 
et al., 2024), and MMIF-INet (2025) (He et al., 2025). To ensure the fair-
ness of the comparison, all methods were implemented under the same 
experimental settings and preprocessing procedures, and were config-
ured strictly according to the optimal hyperparameters reported in their 
original publications.

To comprehensively and quantitatively evaluate fusion performance, 
we selected three categories of evaluation metrics: (i) Information reten-
tion metrics assess whether the fused image effectively preserves key 
information from the source images. Entropy (𝐸𝑁) reflects the overall 
information richness of the image, with higher values indicating greater 
information content. Mutual Information (𝑀𝐼) quantifies the amount 
of shared information between the fused image and the source im-
ages. Quality Mutual Information (𝑄𝑀𝐼 ) incorporates perceptual quality 
weights into mutual information to comprehensively evaluate the effec-
tiveness of information transfer and perceptual relevance. (ii) Clarity 
and detail retention metrics evaluate edge sharpness and detail preser-
vation in the fused image. Standard Deviation (𝑆𝐷) describes the disper-
sion of grayscale values, which is associated with image contrast and vi-
sual depth. Average Gradient (𝐴𝐺) quantifies edge sharpness, reflecting 
the clarity of image details. (iii) Structural fidelity and perceptual qual-
ity metrics evaluate structural consistency and perceived image quality 
from a human visual perspective. Quality Assessment Based on Fusion 
Features (𝑄𝐴𝐵𝐹 ) captures the consistency of edges and local structural 
information. Structural Similarity Index (𝑆𝑆𝐼𝑀) evaluates the similar-
ity between the fused and source images in luminance, contrast, and 
structure. Visual Information Fidelity (𝑉 𝐼𝐹𝐹 ) assesses perceptual qual-
ity based on a multi-scale human visual system model.

4.3.  Comparative experimental results

4.3.1.  Brain atlas image fusion
Fig. 3 presents the qualitative fusion results of all methods on the 

open-source brain atlas dataset, covering three modality combinations 
of CT-MRI, MRI-PET and MRI-SPECT, with three fusion examples pro-
vided for each combination. To better compare fusion details across 
methods, representative structural regions were locally enlarged for 
analysis. Meanwhile, Table 1 presents the quantitative results of all 
methods across multiple evaluation metrics, comprehensively reflecting 
performance differences in information retention, texture clarity, and 
structural fidelity. Fig. 5 further illustrates the average rankings of the 
methods across different tasks using a line chart.

In the CT-MRI fusion task, FDPMambaFuse demonstrates signifi-
cantly superior overall performance compared with all SOTA methods. 
Quantitative results show that it achieves the highest scores across mul-
tiple key metrics, including 𝑀𝐼 of 1.2671, 𝑄𝑀𝐼  of 0.7132, 𝑆𝐷 of 92.2379, 
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Fig. 3. Qualitative comparison of the proposed method with ten SOTA methods on brain atlas image fusion dataset. From left to right: Two source images, fusion 
results of CSMCA, NSST-PAPCNN, IFCNN, U2Fusion, SwinFusion, MM-Net, SAFFusion, DWMFusion, Mambadfuse, MMIF-INet, and the proposed method. For better 
comparison, two local regions are enlarged as close-ups in each image.

𝑄𝐴𝐵𝐹  of 0.6206, 𝑆𝑆𝐼𝑀 of 0.7862, and 𝑉 𝐼𝐹𝐹  of 0.6134, indicating clear 
advantages in structural detail preservation, information complemen-
tarity, and perceptual quality. Qualitative results further confirm that 
FDPMambaFuse more effectively retains the color of dense bone regions 
in enlarged CT areas while preserving MRI soft tissue textures, result-
ing in higher fusion quality. Compared to other SOTA methods, FDP-
MambaFuse demonstrates superior performance. For example, SAFFu-
sion, which also relies on frequency-domain features, achieves an 𝑀𝐼
of 1.1602 and a 𝑄𝑀𝐼  of 0.6342. Although SAFFusion performs well in 
information complementarity, it still lags behind FDPMambaFuse in de-

tail preservation and perceptual quality. DWMFusion achieves an 𝑀𝐼
of 1.2542, but its 𝑄𝑀𝐼  is only 0.5189, and its structural detail preserva-
tion is slightly inferior to that of FDPMambaFuse. MambaFuse, based on 
the Mamba model, performs similarly to FDPMambaFuse, with a 𝑄𝑀𝐼
of 0.7052, but its 𝑆𝐷 is only 56.8507, and it still exhibits shortcomings 
in detail preservation and information complementarity. MMIF-INet ex-
hibits a high 𝑆𝑆𝐼𝑀 of 0.7519, indicating strong perceptual quality, but 
its 𝑄𝑀𝐼  is 0.5243 and its 𝑉 𝐼𝐹𝐹  is 0.5919, highlighting limitations in de-
tail preservation and cross-modal consistency. These comparison results 
demonstrate that FDPMambaFuse not only better preserves structural 
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Fig. 4. Qualitative comparison of the proposed method with ten SOTA methods on HIT-MMIF-PAUS image fusion dataset. From left to right: Two source images, 
fusion results of CSMCA, NSST-PAPCNN, IFCNN, U2Fusion, SwinFusion, MM-Net, SAFFusion, DWMFusion, Mambadfuse, MMIF-INet, and the proposed method. For 
better comparison, two local regions are enlarged as close-ups in each image.

details and brightness information in CT and MRI fusion, but also out-
performs current SOTA methods across multiple key metrics, proving its 
superiority in MMIF.

In the MRI-PET and MRI-SPECT fusion tasks, FDPMambaFuse also 
outperforms all SOTA methods in overall performance. In the MRI-PET 
task, it achieves the highest scores across multiple key metrics, including 
𝐸𝑁 of 6.0834, 𝑀𝐼 of 1.4775, 𝑆𝐷 of 91.3421, 𝐴𝐺 of 14.9363, and 𝑉 𝐼𝐹𝐹
of 0.7316. In the MRI-SPECT task, it likewise leads with 𝑀𝐼 of 1.5287, 
𝑆𝐷 of 72.8656, 𝐴𝐺 of 8.2050, and 𝑉 𝐼𝐹𝐹  of 0.8522, while achieving a 
competitive 𝑆𝑆𝐼𝑀 of 0.5425. Qualitative results further confirm these 
advantages. FDPMambaFuse achieves smoother cross-modal structural 
transitions, reducing blurring and artifacts. It enhances metabolic signal 

contrast in PET and SPECT functional regions while clearly preserving 
anatomical boundaries from MRI, thereby achieving an optimal balance 
between functional information and texture details. In contrast, other 
methods exhibit varying degrees of limitations. CSMCA and IFCNN fail 
to effectively retain metabolic features from functional modalities, re-
sulting in insufficient luminance and blurred functional regions in the 
fused images. U2Fusion, SwinFusion, SAFFusion, DWMFusion, Mam-
badfuse, and MMIF-INet, although showing improvements in some met-
rics, still exhibit deficiencies in detail preservation and boundary clar-
ity. U2Fusion in the MRI-PET task achieves an 𝐸𝑁 of 5.7181, a 𝑄𝐴𝐵𝐹
of 0.5812, but its 𝐴𝐺 is only 7.6140, and 𝑆𝑆𝐼𝑀 is 0.5397, resulting in 
texture degradation and blurred anatomical structures. SwinFusion in 

Neural Networks 202 (2026) 108994 

9 



B. Li et al.

Table 1 
Quantitative results on the Brain Atlas and HIT-MMIF-PAUS datasets. The best score is marked in bold, and the second-best 
score is underlined.
 Dataset  Method 𝐸𝑁↑ 𝑀𝐼↑ 𝑄𝑀𝐼↑ 𝑆𝐷↑ 𝐴𝐺↑ 𝑄𝐴𝐵𝐹 ↑ 𝑆𝑆𝐼𝑀↑ 𝑉 𝐼𝐹𝐹↑

CT-MRI

 CSMCA (2019)  4.2285  0.8221  0.4723  71.6612  7.2071  0.5756  0.6107  0.4162
 NSST-PAPCNN (2019)  4.3131  0.9057  0.4897  88.5524  8.2332  0.5911  0.5920  0.5382
 IFCNN (2020)  4.2447  0.9027  0.5161  77.9783 𝟗.𝟏𝟏𝟕𝟎  0.5258  0.6229  0.4879
 U2Fusion (2022) 𝟒.𝟔𝟖𝟐𝟖  0.7960  0.4293  50.1812  2.6893  0.4919  0.6324  0.2307
 SwinFusion (2022)  4.4730  1.0274  0.5728  61.6637  4.5956  0.5258  0.6412  0.4753
 MM-Net (2024)  4.2049  1.1979  0.6697  53.6717  5.8962  0.4164  0.7352  0.5553
 SAFFusion (2025)  4.4314  1.1602  0.6342  91.3423  8.2454  0.5933  0.7342  0.5838
 DWMFusion (2025)  4.5132 1.2542  0.5189  91.4525  8.2353 0.6142  0.7454  0.5672
 Mambadfuse (2024)  4.2280  1.2421 0.7052  56.8507 8.9025  0.5986  0.7115 0.6053
 MMIF-INet (2025)  4.2956  0.9202  0.5243 92.2262  8.1185  0.5700 0.7519  0.5919
 Ours 4.6500 𝟏.𝟐𝟔𝟕𝟏 𝟎.𝟕𝟏𝟑𝟐 𝟗𝟐.𝟐𝟑𝟕𝟗  8.8579 𝟎.𝟔𝟐𝟎𝟔 𝟎.𝟕𝟖𝟔𝟐 𝟎.𝟔𝟏𝟑𝟒

MRI-PET

 CSMCA (2019)  4.8846  0.8400  0.3938  72.8023  11.8342  0.5713  0.6134  0.5266
 NSST-PAPCNN (2019)  5.6914  0.9871  0.4203  87.7785  13.9413  0.5587  0.6390  0.6142
 IFCNN (2020)  5.2565  0.9261  0.4143  79.1981  14.0938 0.5718  0.6471  0.5971
 U2Fusion (2022) 5.7181  1.0393  0.4397  67.1216  7.6140 𝟎.𝟓𝟖𝟏𝟐  0.5397  0.4373
 SwinFusion (2022)  5.1935  1.1250  0.5610  85.4144  13.4357  0.5233  0.6543  0.5181
 MM-Net (2024)  5.4595  0.9784  0.4448  80.0926  11.8719  0.3704  0.6513  0.4286
 SAFFusion (2025)  5.4367  1.3854  0.5645  89.4532  13.9867  0.5038  0.6472  0.7081
 DWMFusion (2025)  5.5872  1.4016  0.4187  91.0892  14.2432  0.5224  0.6574 0.7287
 Mambadfuse (2024)  5.3147  1.3391 𝟎.𝟓𝟖𝟔𝟐  84.2205  13.9003  0.5269 𝟎.𝟔𝟔𝟎𝟖  0.5130
 MMIF-INet (2025)  5.6262 1.4255  0.4204 91.1869 14.2620  0.5219  0.6403  0.7106
 Ours 𝟔.𝟎𝟖𝟑𝟒 𝟏.𝟒𝟕𝟕𝟓 0.5834 𝟗𝟏.𝟑𝟒𝟐𝟏 𝟏𝟒.𝟗𝟑𝟔𝟑  0.5246 0.6586 𝟎.𝟕𝟑𝟏𝟔

MRI-SPECT

 CSMCA (2019)  4.4881  0.9330  0.4817  53.6137  6.7754  0.5012  0.5121  0.5320
 NSST-PAPCNN (2019) 4.8972  1.0632  0.5188  66.0693  7.3707  0.5758  0.5234  0.6469
 IFCNN (2020)  4.5455  0.9638  0.4941  56.4844  7.5695  0.5843 0.5365  0.5973
 U2Fusion (2022)  4.5559  0.8770  0.4520  51.9570  2.7023  0.5262  0.3692  0.3632
 SwinFusion (2022)  4.2563  1.3256  0.6956  59.8798  5.9542  0.3415  0.4914  0.4536
 MM-Net (2024)  4.4704  1.3528  0.6922  59.6864  6.0114  0.2994  0.4978  0.4430
 SAFFusion (2025)  4.4982  1.3645  0.5245  69.7653  7.2582  0.5722  0.5309  0.8296
 DWMFusion (2025)  4.7431  1.4142 𝟎.𝟕𝟑𝟖𝟒  72.1487  7.8864  0.5845  0.5362 0.8432
 Mambadfuse (2024)  4.5187 1.4215  0.7211  62.9224  7.2564 0.5915  0.5045  0.5346
 MMIF-INet (2025)  4.8132  1.0396  0.5147 72.6813 7.8974  0.5731  0.5298  0.8348
 Ours 𝟒.𝟗𝟑𝟔𝟗 𝟏.𝟓𝟐𝟖𝟕 0.7284 𝟕𝟐.𝟖𝟔𝟓𝟔 𝟖.𝟐𝟎𝟓𝟎 𝟎.𝟓𝟗𝟒𝟏 𝟎.𝟓𝟒𝟐𝟓 𝟎.𝟖𝟓𝟐𝟐

PA-US

 CSMCA (2019)  3.3646  0.4482  0.2168  42.5739  6.0895  0.7530  0.4700  0.5803
 NSST-PAPCNN (2019)  3.4627  0.6098 0.3752  57.0259  6.1368 𝟎.𝟕𝟕𝟐𝟓  0.4644  0.8076
 IFCNN (2020)  3.6528  0.6025  0.3609  52.9080 7.1047  0.7282  0.5334  0.6626
 U2Fusion (2022)  2.1423  0.4352  0.3419  49.2438  5.3647  0.3072  0.3655  0.6252
 SwinFusion (2022)  2.8762  0.7164  0.3372  61.5767  5.5723  0.6832  0.5428  0.6745
 MM-Net (2024)  2.1696  0.7008  0.2811  21.2634  2.3746  0.7637  0.2699  0.4033
 SAFFusion (2025)  3.9145  0.6742  0.3682  64.8740  6.8549  0.6502  0.5584  0.7846
 DWMFusion (2025) 3.9825  0.8645  0.3642  64.7600  6.9045  0.6465 0.5642 0.8145
 Mambadfuse (2024)  3.9522 0.8773  0.3442  64.6255  6.0785  0.7357  0.5630  0.7737
 MMIF-INet (2025)  3.8843  0.6472  0.3669 64.9388  6.8915  0.6510  0.5569  0.7939
 Ours 𝟒.𝟒𝟒𝟒𝟖 𝟏.𝟎𝟔𝟓𝟗 𝟎.𝟑𝟗𝟐𝟎 𝟔𝟕.𝟐𝟗𝟖𝟐 𝟕.𝟑𝟕𝟐𝟎 0.7674 𝟎.𝟓𝟕𝟗𝟖 𝟎.𝟖𝟐𝟒𝟓

the MRI-SPECT task achieves an 𝑆𝑆𝐼𝑀 of 0.6543, showing some edge 
preservation, but still has limitations in retaining details and functional 
regions. SAFFusion and DWMFusion show improvements in luminance 
retention and structural consistency, but still have limitations in detail 
recovery. Specifically, DWMFusion achieves an 𝑀𝐼 of 1.4016, and while 
it performs well in some areas, its 𝑄𝑀𝐼  is only 0.4187, showing weak-
nesses in detail preservation and structural clarity compared to FDP-
MambaFuse. Mambadfuse and MMIF-INet exhibit similar performance. 
Mambadfuse achieves a 𝑄𝑀𝐼  of 0.5862 and an 𝑆𝑆𝐼𝑀 of 0.6608, show-
ing some improvements in detail and texture retention, but still lacks 
cross-modal information complementarity and detail clarity. MMIF-INet 
in the MRI-SPECT task achieves a 𝑉 𝐼𝐹𝐹  of 0.8348, performing well in 
some areas, but its 𝑆𝑆𝐼𝑀 is 0.5298 and its 𝑄𝑀𝐼  is 0.5147, indicating 
clear limitations in detail preservation and perceptual quality. In con-
clusion, FDPMambaFuse not only preserves structural details and lumi-
nance information better in MRI-PET and MRI-SPECT fusion tasks but 
also surpasses existing SOTA methods in multiple key metrics, further 
demonstrating its superiority in MMIF.

4.3.2.  HIT-MMIF-PAUS image fusion
Fig. 4 presents the qualitative fusion results of various methods on 

the HIT-MMIF-PAUS dataset, covering three imaging modalities: line-

array, ring-array, and endoscopic imaging, with three fusion examples 
provided for each modality. In the overall fusion task on this dataset, 
FDPMambaFuse achieves the highest scores across multiple key metrics, 
including 𝐸𝑁 of 4.4448, 𝑀𝐼 of 1.0659, 𝑄𝑀𝐼  of 0.3920, 𝑆𝐷 of 67.2982, 𝐴𝐺
of 7.3720, 𝑆𝑆𝐼𝑀 of 0.5798, and 𝑉 𝐼𝐹𝐹  of 0.8245, demonstrating the best 
performance in structural detail preservation, luminance dynamics, and 
perceptual fidelity, significantly outperforming other methods. In the 
line-array fusion task, the first two cases represent subcutaneous tumor 
imaging, while the third corresponds to skin imaging. FDPMambaFuse 
achieves smooth structural transitions between PA and US modalities, 
reducing blurring and artifacts while clearly preserving key details in 
tumor trophoblast layers and vascular regions, enhancing the recogniz-
ability and consistency of pathological structures. In contrast to other 
methods, CSMCA, NSST-PAPCNN, IFCNN, U2Fusion, and SwinFusion, 
despite emphasizing PA features, exhibit significant deficiencies in pre-
serving US luminance and structural information. MM-Net fails to ad-
equately preserve PA details when additional US features are present. 
Although Mambadfuse improves texture representation, it still tends to 
introduce artifacts in vascular regions, compromising visual consistency. 
In the ring-array imaging task, all three cases involve imaging of the 
fingers. FDPMambaFuse balances the luminance of PA and US features 
while maintaining clear vascular and bone boundaries, significantly
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Fig. 5. Average ranking of different methods on four fusion modalities.

Table 2 
Ablation study of DWT in deep feature extraction. The best score is marked in bold.
 No.  Method 𝐸𝑁↑ 𝑀𝐼↑ 𝑄𝑀𝐼↑ 𝑆𝐷↑ 𝐴𝐺↑ 𝑄𝐴𝐵𝐹 ↑ 𝑆𝑆𝐼𝑀↑ 𝑉 𝐼𝐹𝐹↑

 E.0  –  5.48  1.34  0.42  89.62  14.25  0.48  0.51  0.58
 E.1  w/ FFT  5.65  1.39  0.48  89.97  14.76  0.49  0.57  0.65
 E.2  w/ DWT (Haar)  5.92  1.45  0.56  90.76  14.88  0.49  0.63  0.70
 E.3  w/ DWT (Symlet-4)  6.04  1.47  0.55  91.14  14.89  0.51  0.64  0.71
 E.4  w/ DWT (2 layers)  6.02  1.45  0.56  91.25  14.92  0.51  0.62  0.69
 E.5  w/ DWT (3 layers)  5.95  1.44  0.57  91.28  14.90  0.51  0.65  0.72
 E.6  Ours  6.08  1.48  0.58  91.34  14.94  0.52  0.66  0.73

Table 3 
Ablation study of Mamba variants and multi-path scanning strategies in deep feature extraction. The best score is marked in bold.
 No.  Method 𝐸𝑁↑ 𝑀𝐼↑ 𝑄𝑀𝐼↑ 𝑆𝐷↑ 𝐴𝐺↑ 𝑄𝐴𝐵𝐹 ↑ 𝑆𝑆𝐼𝑀↑ 𝑉 𝐼𝐹𝐹↑  FLOPs(G)↓  Param.(M)↓
 E.7  Convolution Block  5.82  1.28  0.42  87.92  12.25  0.35  0.51  0.54 𝟓𝟑.𝟔𝟐 𝟐.𝟏𝟒
 E.8  Transformer  5.98  1.34  0.47  89.25  13.64  0.36  0.54  0.61  71.45  10.45
 E.9  Mamba  6.02  1.39  0.49  90.44  14.72  0.36  0.55  0.62  57.89  8.55
 E.10  Two-branch Mamba  6.03  1.41  0.49  90.67  14.77  0.40  0.57  0.65  57.89  4.36
 E.11  Four-branch Mamba (route 1)  6.06  1.45  0.53  91.18  14.89  0.48  0.61  0.69  57.89  2.25
 E.12  Four-branch Mamba (route 2)  6.04  1.43  0.54  91.14  14.83  0.46  0.60  0.69  57.89  2.25
 E.13  Four-branch Mamba (route 3)  6.05  1.46  0.54  91.23  14.87  0.48  0.62  0.68  57.89  2.25
 E.14  Four-branch Mamba (route 4)  6.06  1.46  0.57  91.28  14.91  0.51  0.64  0.70  57.89  2.25
 E.6  MSD-Mamba 𝟔.𝟎𝟖 𝟏.𝟒𝟖 𝟎.𝟓𝟖 𝟗𝟏.𝟑𝟒 𝟏𝟒.𝟗𝟒 𝟎.𝟓𝟐 𝟎.𝟔𝟔 𝟎.𝟕𝟑  57.89  2.25

reducing noise and blurring. In comparison, SAFFusion, DWMFusion, 
and MMIF-Net often suffer from luminance loss, while Mambadfuse 
shows slight advantages in edge texture retention but introduces notice-
able fusion noise. In the endoscopic imaging task, all three cases cor-
respond to imaging of the rectum. FDPMambaFuse outperforms other 
methods in preserving tissue boundaries and mucosal textures, clearly 
delineating lesion areas, and enhancing clinical interpretability.

4.3.3.  Comparative fusion result summary
FDPMambaFuse demonstrates consistently strong performance 

across all MMIF tasks. As shown in Figs. 3 and 4, the method achieves 
superior qualitative performance in both the brain-atlas fusion tasks 
and the HIT-MMIF-PAUS task. It effectively preserves structural details, 
enhances boundary clarity, and integrates complementary information 
from different modalities. These advantages are particularly evident in 
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Fig. 6. Grad-CAM visualization of different strategies of the feature fusion module.

Fig. 7. Segmentation visualization results of different methods on the BraTS 2019 dataset and the private PA-US tumor segmentation dataset.

Table 4
Ablation study of fusion strategies. The best score is marked in bold.
 No.  Channel Swap  Channel Exchange  Attention Mechanism 𝐸𝑁↑ 𝑀𝐼↑ 𝑄𝑀𝐼↑ 𝑆𝐷↑ 𝐴𝐺↑ 𝑄𝐴𝐵𝐹 ↑ 𝑆𝑆𝐼𝑀↑ 𝑉 𝐼𝐹𝐹↑

 E.15  7 7  7  6.03  1.43  0.52  91.15  14.82  0.45  0.61  0.69
 E.16  7 ✓  7  6.04  1.44  0.53  91.22  14.85  0.47  0.64  0.70
 E.17 ✓  7 7  6.03  1.43  0.52  91.18  14.83  0.45  0.62  0.69
 E.18  7 7 ✓  6.07  1.46  0.56  91.26  14.88  0.49  0.65  0.72
 E.19 ✓  7 ✓  6.07  1.46  0.57  91.28  14.90  0.51  0.65  0.73
 E.6  7 ✓ ✓ 𝟔.𝟎𝟖 𝟏.𝟒𝟖 𝟎.𝟓𝟖 𝟗𝟏.𝟑𝟒 𝟏𝟒.𝟗𝟒 𝟎.𝟓𝟐 𝟎.𝟔𝟔 𝟎.𝟕𝟑

Table 5
Ablation study of loss functions and uncertainty-guided loss components. The best score is marked in bold.
 No.  Loss Function 𝐸𝑁↑ 𝑀𝐼↑ 𝑄𝑀𝐼↑ 𝑆𝐷↑ 𝐴𝐺↑ 𝑄𝐴𝐵𝐹 ↑ 𝑆𝑆𝐼𝑀↑ 𝑉 𝐼𝐹𝐹↑

 E.20  w/ 𝑢𝑛 only  5.70  1.40  0.46  89.80  14.51  0.50  0.61  0.68
 E.21 w/ 𝑔𝑟𝑎𝑑 only  5.65  1.36  0.43  89.63  14.65  0.51  0.65  0.65
 E.6 w/ (𝑢𝑛 + 𝑔𝑟𝑎𝑑 )  6.08  1.48  0.58  91.34  14.94  0.52  0.66  0.73
 E.22 w/ pseudo-target only (no 𝑈 -weight) + 𝑔𝑟𝑎𝑑  6.01  1.44  0.54  90.21  14.89  0.51  0.65  0.71
 E.23 w/ 𝑈 -weight only (fixed 𝑇 ) + 𝑔𝑟𝑎𝑑  6.04  1.45  0.52  90.92  14.91  0.50  0.65  0.71
 E.24 w/ residual-weighted (post-fusion residual 𝑅) + 𝑔𝑟𝑎𝑑  5.82  1.41  0.48  89.82  14.87  0.51  0.64  0.69

the clearer and more coherent representation of clinically important
structures, including bone, vasculature, and soft tissues. Quantitative
results in Table 1 further confirm the superiority of FDPMambaFuse,
as it achieves the highest scores on several key metrics, highlighting
its strengths in information preservation, texture enhancement, struc-
tural fidelity, and perceptual quality. Moreover, the average ranking
results in Fig. 5 show that FDPMambaFuse ranks first across all four
tasks, demonstrating excellent stability and robustness. Overall, FDP-
MambaFuse delivers state-of-the-art fusion performance in both visual

quality and quantitative evaluation, making it highly suitable for sce-
narios involving complex anatomical structures and large modality dis-
crepancies. Its strong generalizability also suggests promising potential
for broader clinical applications.

4.4.  Ablation study

To evaluate the effectiveness of key components in the proposed fu-
sion model, a series of ablation experiments are conducted to assess the
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impact of different configurations on model performance. All ablation 
experiments were conducted on the MRI-PET dataset.

4.4.1.  Analysis of deep feature extraction
We conduct ablation experiments to evaluate the contribution of the 

DWT-based Parallel Mamba module in the proposed deep feature extrac-
tor, as shown in Table 2. Compared to spatial-domain modeling methods 
(E.0), FFT- and DWT-based frequency-domain feature extraction meth-
ods improve all metrics, particularly information retention and struc-
tural fidelity. However, DWT outperforms FFT in fusion performance 
by effectively capturing multi-scale structural and textural information. 
Further experiments reveal that the choice of wavelet basis significantly 
affects fusion performance. Using the Daubechies-4 wavelet achieves the 
best results across all metrics, particularly in 𝑄𝑀𝐼 , 𝑆𝑆𝐼𝑀 , and 𝑉 𝐼𝐹𝐹 , 
demonstrating superior structural consistency and detail retention. Ad-
ditionally, using multi-layer DWT does not improve fusion performance 
compared to a single-layer approach and instead increases computa-
tional cost. Therefore, the proposed method, which uses the single-layer 
DWT with the Daubechies-4 wavelet, achieves the best fusion results.

Secondly, to further validate the effectiveness of the proposed MSD-
Mamba, we perform a systematic comparison among the convolution 
block, Transformer, standard Mamba, two-branch parallel Mamba, four-
branch parallel Mamba with the single scanning direction, and MSD-
Mamba. The experimental results are summarized in Table 3. Compared 
with the convolution block (E.7), both the Transformer (E.8) and Mamba 
(E.9) achieve substantial improvements across most fusion metrics, in-
dicating that architectures with long-range dependency modeling bet-
ter capture cross-modal correlations and enhance structural consistency 
and detail fidelity. However, the Transformer incurs substantially higher 
FLOPs and parameter counts, leading to reduced computational effi-
ciency. In contrast, Mamba achieves superior fusion performance while 
maintaining a lightweight structure. Building on this, the two-branch 
parallel Mamba (E.10) yields further improvements across most met-
rics, demonstrating that multi-branch state modeling enhances feature 
representation. When the architecture is extended to the four-branch 
parallel form (E.11-E.14), fusion performance continues to improve, and 
the parameter count decreases to 2.25M, representing a 73.68% reduc-
tion compared with the single-branch Mamba (E.9), indicating higher 
structural efficiency and more effective information utilization. More-
over, the four scanning paths in the four-branch parallel design show 
slight differences in fusion results, indicating that the scanning direction 
influences feature modeling and, consequently, affects the final fusion 
performance. Finally, the proposed MSD-Mamba (E.6), which integrates 
multiple scanning-path strategies, achieves the best performance across 
all core metrics, confirming the effectiveness of its architectural design.

4.4.2.  Analysis of multi-stage feature fusion
To evaluate the structural roles of different components in the pro-

posed multi-stage fusion framework, we conduct ablation experiments, 
as summarized in Table 4. The baseline model (E.15), without any fu-
sion mechanism, shows inferior performance across most metrics, indi-
cating limited cross-modal interaction under simple aggregation. Intro-
ducing channel exchange alone (E.16) consistently improves structural 
and perceptual metrics, demonstrating that cross-modal topology reor-
ganization enhances modality interaction even without adaptive modu-
lation. Channel swap (E.17) provides marginal gains, suggesting that 
simple channel-level reallocation is less effective than explicit topol-
ogy restructuring. Applying attention alone (E.18) also improves perfor-
mance, confirming the benefit of spatially adaptive modulation. How-
ever, its performance remains below the complete model (E.6), indi-
cating that adaptive modulation benefits from prior topology reorgani-
zation for more effective fusion. When combining channel swap with 
attention (E.19), further improvements are observed, yet the results 
are still slightly inferior to the full configuration. The complete strat-
egy (E.6), integrating topology reorganization and adaptive modula-
tion, achieves the best performance across all metrics, particularly in 

Table 6 
Comparison of different methods on the BraTS 2019 and private PA-US tumor 
segmentation datasets. For BraTS 2019, WT, ET, TC, and mean Dice (%) are 
reported, while only mean Dice (%) is reported for the PA-US dataset. The best 
score is marked in bold.

Method
 BraTS 2019  Private
 WT (%)↑  ET (%)↑  TC (%)↑  mDice (%)↑  mDice (%)↑

 Source Image A  65.72  81.32  74.87  73.97  70.61
 Source Image B  83.25  55.43  69.45  69.38  73.25
 Concat(A+B)  81.72  83.13  82.26  82.37  78.33
 DWMFusion  84.95  83.96  82.41  83.77  80.92
 Mambadfuse  84.88  83.62  82.34  83.61  81.21
 Ours  85.76  84.15  83.26  84.39  82.36

structural consistency (𝑆𝐷), mutual information (𝑀𝐼), and perceptual 
quality indicators (𝑄𝑀𝐼 , 𝑉 𝐼𝐹𝐹 ). These results indicate that effective fu-
sion arises from the coordinated interaction between topology restruc-
turing and spatial modulation, highlighting the complementary roles of 
structural modeling and adaptive modulation. Grad-CAM visualizations 
(Fig. 6) further confirm that the complete model produces more coher-
ent activation patterns in anatomically significant regions.

4.4.3.  Analysis of loss function
To validate the effectiveness of the proposed uncertainty-guided hy-

brid loss, we conduct systematic ablation experiments, and the results 
are summarized in Table 5.

We first compare the basic configurations, including using only the 
uncertainty loss (𝑢𝑛), only the gradient loss (𝑔𝑟𝑎𝑑), and their combina-
tion. The results show that 𝑢𝑛 outperforms 𝑔𝑟𝑎𝑑 in information reten-
tion and structural consistency, achieving higher 𝑄𝑀𝐼  and 𝑆𝐷 values. 
In contrast, the gradient loss alone mainly focuses on edge consistency 
and is less effective in maintaining cross-modal semantic agreement. 
The complete hybrid loss (𝑢𝑛 + 𝑔𝑟𝑎𝑑) achieves the best overall perfor-
mance across all evaluation metrics, particularly in fusion quality and 
detail preservation, confirming the complementary effects of the two 
loss components.

To further analyze the internal mechanism of the uncertainty-guided 
loss, we decompose it into two functional components. In E.22, the 
pseudo-supervision target is retained while removing the uncertainty-
based weighting in the loss, using a standard MSE formulation in-
stead. In E.23, the uncertainty weighting is preserved, but the pseudo-
supervision target is replaced with a fixed average fusion result (𝑇 =
0.5𝐼𝐴 + 0.5𝐼𝐵). In E.24, a conventional residual-weighted baseline is im-
plemented, where post-fusion residuals between the fused image and 
the input modalities are used as weighting factors. The results indi-
cate that both E.22 and E.23 lead to consistent performance degra-
dation compared with the complete formulation, demonstrating that 
pseudo-supervision construction and confidence-weighted optimization 
jointly contribute to performance improvement. Moreover, the residual-
weighted baseline (E.24) further underperforms the proposed formula-
tion, indicating that the performance gain stems from the coordinated 
design of supervision construction and optimization regulation.

4.5.  Downstream applications

To further validate the effectiveness of FDPMambaFuse in improv-
ing downstream task performance, we conduct comprehensive evalua-
tions on both the BraTS 2019 multi-parametric MRI brain tumor seg-
mentation dataset and our private PA-US tumor segmentation dataset, 
assessing how the fused images contribute to segmentation accuracy. In 
BraTS 2019, the T1ce and T2 MRI modalities are selected as fusion in-
puts, whereas in the private dataset, PA and US modalities are used. All 
experiments employ nnU-Net (Isensee et al., 2018) as the downstream 
segmentation network, and comparisons are conducted using the source 
images and the fused images generated by the top three fusion methods 
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based on average performance. All training configurations are kept iden-
tical to ensure fairness and reproducibility, and the Dice coefficient is
used as the evaluation metric. Quantitative results are reported in Ta-
ble 6, and qualitative visualization results are shown in Fig. 7.

In the BraTS 2019 dataset, T1ce provides stronger responses for en-
hancing tumor (ET) and tumor core (TC), whereas T2 is more sensitive
to the whole tumor region (WT). After multimodal fusion, FDPMamba-
Fuse achieves superior segmentation performance for ET, TC, and WT
compared with DWMFusion and MambaDFuse. Qualitative results fur-
ther show that FDPMambaFuse produces clearer and more accurate de-
lineations of tumor boundaries. In the private PA-US dataset, PA high-
lights high-absorption features such as vasculature, whereas US provides
clearer visualization of soft tissue structures and tumor margins. The
fused images combine these complementary advantages, and FDPMam-
baFuse consistently outperforms other methods across all segmentation
metrics, demonstrating the strongest enhancement effect on the down-
stream task. Overall, FDPMambaFuse significantly improves tumor seg-
mentation quality on both datasets, validating the practical value of its
fusion results in real clinical scenarios.

5. Discussion

Despite FDPMambaFuse performing excellently in most MMIF tasks,
we found that PA and US modalities are still affected by noise inter-
ference during fusion. These noise sources, including low-SNR regions,
detector noise, and tissue scattering artifacts, limit the model’s perfor-
mance in low-SNR regions and affect the extraction of key information.
Therefore, future work will explore the introduction of an image filter-
ing enhancement module in FDPMambaFuse to adaptively improve the
quality of low-SNR regions, reduce noise interference, and further en-
hance the structural integrity and visual quality of the fused images.
Additionally, although FDPMambaFuse performs excellently with well-
aligned multi-modal images, it still has limitations in handling mis-
aligned images or scale differences. In clinical practice, image misalign-
ment or anatomical region differences can negatively affect the fusion
results. Therefore, future research will focus on incorporating image
alignment mechanisms to enhance the model’s adaptability in non-rigid
or weak alignment conditions, expanding its applicability in complex
clinical environments.

6. Conclusion

In this paper, we present FDPMambaFuse, a novel MMIF framework
that integrates frequency-domain decomposition with multi-directional
parallel Mamba to achieve efficient and precise fusion. The framework
employs a multi-level CNN-Mamba feature extractor to enable effective
spatial-frequency-directional representation, and introduces a multi-
stage fusion strategy to enhance cross-modal semantic complementarity
and feature aggregation. Meanwhile, we design an unsupervised hybrid
loss that combines pixel-level uncertainty with gradient-based structural
constraints to improve structural consistency and visual quality. In ad-
dition, we construct and publicly release HIT-MMIF-PAUS, a clinically
meaningful PA-US fusion dataset. Extensive experiments on multiple
MMIF benchmarks demonstrate that FDPMambaFuse outperforms state-
of-the-art methods in fusion quality, structural fidelity, and edge clarity,
and further achieves strong performance in downstream tumor segmen-
tation, confirming its potential for clinical applications. Future work will
investigate adaptive denoising and cross-modal alignment strategies to
further improve robustness under low-SNR and weakly aligned condi-
tions.
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