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Abstract

Multimodal medical imaging provides complementary anatomical and func-
tional information for clinical diagnosis, yet low spatial resolution and separated
fusion—super-resolution pipelines often weaken modality-specific details and
reduce the quality of fused representations. To address this issue, this work
proposes a unified dual-branch multimedia framework for tri-modal medical
image fusion and super-resolution. The structure branch focuses on anatomical
edges, contours, and local textures from structural modalities, while the function
branch captures regional responses and semantic cues from functional modali-
ties. A bidirectional cross-attention residual fusion module is further introduced
to strengthen structural-functional interaction and improve complementary fea-
ture integration. The fused features are reconstructed under a joint loss that
preserves both pixel fidelity and edge consistency. Experiments on the Harvard
dataset show that the proposed method outperforms representative fusion and
reconstruction baselines in quantitative evaluation and visual comparison. By
jointly optimizing tri-modal fusion and super-resolution, the proposed frame-
work provides high-quality fused medical representations for healthcare-oriented
multimedia analysis, medical multimedia visualization, and subsequent image
processing tasks.

Keywords: Tri-modal medical image fusion, Medical multimedia analysis,
DeformMamba, Dual-branch learning, Bidirectional cross-attention, Super-resolution



1 Introduction

Multimodal medical imaging integrates complementary information from different
imaging techniques and thereby provides comprehensive evidence for medical multi-
media analysis tasks, ranging from lesion analysis to interactive clinical visualization
[1]. For example, computed tomography (CT), magnetic resonance imaging (MRI),
positron emission tomography (PET), and single-photon emission computed tomog-
raphy (SPECT) reflect structural characteristics, functional status, and metabolic
changes of human tissues from different perspectives, and recent medical image fusion
studies have shown that multi-branch feature extraction and information exchange are
effective for preserving modality-specific characteristics [2]. Among them, structural
imaging modalities are more suitable for depicting anatomical structures, tissue bound-
aries, and local texture details, whereas PET and SPECT place greater emphasis on
regional activity distribution, metabolic level, and functional response [3]. In modern
computer-assisted medicine, high-quality multimodal representations are the corner-
stone of Virtual Reality (VR)-based surgical planning and Augmented Reality (AR)
navigation, and healthcare-oriented multimedia visualization [4, 5], where the visual
fidelity of reconstructed images directly determines the precision of human-computer
interaction and the reliability of clinical decisions. In clinical practice, physicians
often need to jointly interpret structural and functional information to identify lesion
locations, distinguish tissue boundaries, and observe abnormal metabolic responses.
Retinal image-based deep learning has been explored for non-invasive diagnosis of
diabetic kidney disease, and brain imaging-based deep learning systems have been
developed for detecting silent brain infarction and predicting stroke risk [6, 7]. There-
fore, a clear and high-resolution fused representation is valuable for lesion analysis,
image-guided diagnosis, treatment planning, and subsequent medical image analysis.
However, due to limitations in imaging devices and acquisition conditions, multimodal
medical images often suffer from insufficient spatial resolution, blurred boundaries,
and missing fine details in practice [8]. These issues reduce the readability of fused
images and may affect subsequent analysis. Therefore, recovering clear structures and
rich details while fully exploiting cross-modal complementary information remains an
important problem for medical multimedia processing and healthcare-oriented visual
analysis.

Existing studies related to this problem mainly follow two research lines, namely
medical image fusion and medical image super-resolution reconstruction. Medical
image fusion methods aim to integrate complementary information from different
modalities to obtain more informative fused images [9]. For example, CDDFuse [10]
decomposes multimodal features into low-frequency shared information and high-
frequency modality-specific information through a correlation-driven dual-branch
strategy, thereby improving the representation of common and modality-specific cues.
EMMA [11] further introduces equivariant self-supervised learning to reduce the
dependence on real fusion labels. SAFFusion [12] enhances structural details and
functional hotspots from saliency-aware and frequency-domain perspectives, while
AdaSFuse [13] explores adaptive cross-domain learning to improve the generalization
ability of multimodal fusion. These methods have promoted multimodal feature repre-
sentation and fusion quality. However, most existing fusion methods are still designed



for bimodal inputs or mainly validated in bimodal settings, and their ability to model
tri-modal structural-functional complementarity remains limited. In addition, these
methods usually focus on the generation quality of fused images themselves and do
not directly address high-resolution fused image reconstruction from tri-modal inputs.

In parallel, medical image super-resolution methods focus on recovering high-
frequency details and structural information from low-resolution medical images
[14]. ICONet [15] uses reconstruction priors to iteratively guide medical image
super-resolution, which helps improve local structure recovery. CuNeRF [16] con-
structs a continuous volumetric representation from a low-resolution medical volume
itself and achieves zero-shot arbitrary-scale super-resolution. CycleINR, [17] further
leverages implicit neural representation with cycle-consistent constraints to reduce
over-smoothing and inter-slice inconsistency. Although these methods improve the
spatial resolution and visual quality of medical images, their main objective is usu-
ally to enhance a single target image or volume, making it difficult to fully exploit
the complementary priors provided by multiple imaging modalities. As a result, fusion
and super-resolution are still treated as relatively independent tasks in most studies,
which results in irreversible information loss. Specifically, if image fusion is con-
ducted prior to super-resolution reconstruction, modality-specific details may already
be attenuated before reconstruction. Conversely, if super-resolution reconstruction is
first applied to each individual modality followed by image fusion, reconstruction errors
and inconsistent enhancement across different modalities are likely to be introduced.

Research that truly unifies medical image fusion and super-resolution within
the same framework remains relatively limited. Xu et al. [18] proposed TFS-DIFF,
which jointly models tri-modal medical image fusion and super-resolution within a
conditional diffusion framework, providing an important reference for unified fusion
reconstruction. Stephen et al. [19] discussed medical image fusion from the perspec-
tive of a diffusion-inspired multi-frame super-resolution framework, also emphasizing
the connection between high-quality fused images and super-resolution reconstruc-
tion. Nevertheless, for tri-modal high-resolution fusion, simply placing fusion and
reconstruction in the same framework is still insufficient. Structural and func-
tional modalities differ clearly in information representation patterns and diagnostic
emphases. Without targeted differentiated feature extraction and explicit structural-
functional interaction, the obtained fused features may still be inadequate for effective
high-resolution reconstruction.

To address these challenges, this paper proposes an end-to-end unified framework
for tri-modal medical multimedia fusion and super-resolution, which integrates fusion
and high-resolution reconstruction into a single optimization objective. By designing
a dual-branch architecture, the model effectively bridges the gap between geometric
anatomical details and semantic functional responses, providing a practical solution
for healthcare-oriented multimedia analysis and medical image visualization.

The main contributions of this paper are summarized as follows:

1) An end-to-end joint optimization framework is proposed for tri-modal medical
image fusion and super-resolution, enabling multimodal fusion and high-resolution
reconstruction to be coordinated within a single model.



2) A structure branch and a function branch are designed to accommodate the
representation differences between structural and functional modalities, and a bidi-
rectional cross-attention residual fusion module, termed Bi-CARF, is introduced to
enhance complementary modeling between structural details and functional responses.

3) Under unified experimental settings, the proposed method is compared with
multiple representative methods, and both main and ablation experiments verify the
effectiveness of the dual-branch representation, the bidirectional cross-modal fusion
mechanism, and the related key configurations under different upscaling factors.

2 Related Work
2.1 Medical Image Fusion

Medical image fusion integrates complementary information from different imaging
modalities. In traditional methods, Geng et al. [20] proposed an adaptive manifold
filtering method that performs multimodal fusion through low-frequency and high-
frequency decomposition together with an improved local contrast measure, achieving
effective preservation of major structural information. Yin [21] proposed a tensor
sparse representation based method for three-dimensional medical image fusion, which
models volumetric data as a whole rather than processing it slice by slice, thereby
enhancing the preservation of volumetric correlations. These methods have relatively
clear modeling pathways and interpretability. However, their performance usually
depends on predefined representation spaces and hand-crafted fusion rules, which
limits their ability to model complex nonlinear cross-modal relationships. As fusion
tasks extend from general multimodal fusion to more complex medical scenarios, this
limitation becomes more evident.

Deep learning-based medical image fusion methods have been widely explored.
Convolutional neural network (CNN)-based methods [22-24] first improved the repre-
sentation ability of fusion models by replacing hand-crafted fusion rules with learnable
feature extraction. For example, the supervised CNN fusion framework in [22] mod-
els multimodal inputs through convolutional encoding and batch-wise training, while
VANet [23] introduces context feature extraction, an attention branch, and a multi-
scale residual detail branch to enhance the diagnostic utility of fused images. In
medical imaging scenarios, the interval-gradient and convolutional perceptual fusion
method [24] further strengthens the hierarchical integration of structural, textural,
and perceptual information. In addition to CNN-based models, generative adversarial
network (GAN)-based methods introduce adversarial learning to improve visual real-
ism and salient structure preservation. MedFusionGAN [25] adopts an unsupervised
GAN framework for CT-MRI fusion, enhancing the joint representation of anatom-
ical structures and soft-tissue contrast. More recently, diffusion-based methods have
formulated multimodal fusion as a generative modeling problem. DDFM [26] uses a
denoising diffusion model to improve multimodal image fusion, and the diffusion-driven
medical fusion method of Qu et al. [27] further models the information distribution
relationship among different modalities in the latent space. Transformer-based meth-
ods have also been introduced to strengthen local-global collaborative representation.
SAT-Net [28] introduces a structure-aware Transformer-based attention fusion network



for low-quality retinal fundus image enhancement, showing that explicit structural
modeling and attention-based fusion are effective for improving medical image qual-
ity. MDC-RHT [29] combines multidimensional dynamic convolution with a residual
hybrid Transformer, whereas the edge-enhanced cross-scale Transformer framework
[30] improves boundary preservation and multi-scale contextual modeling. Along the
direction of efficient long-range dependency modeling, Mamba-based fusion methods
have attracted increasing attention. FusionMamba [31] introduces dynamic feature
enhancement and a cross-modal Mamba module for multimodal fusion, while ISFM
[32] explores interactive spatial-frequency fusion based on the Mamba architecture.
Overall, these methods have promoted medical image fusion from local convolutional
feature learning to generative modeling, global dependency modeling, and efficient
long-sequence representation. However, most of them still focus mainly on bimodal
fusion, and their ability to support unified tri-modal fusion and high-resolution
reconstruction remains limited.

For the tri-modal fusion task considered in this paper, related studies remain rela-
tively limited. One relatively direct representative work is CTSR proposed by Jie et al.
[33], which generates tri-modal fusion results through rolling guidance filtering, sparse
representation, cartoon-texture decomposition, and an adaptive energy selection strat-
egy. Existing tri-modal fusion studies still mainly focus on fused image generation
itself, namely how to generate fused images with better visual quality, while pay-
ing limited attention to how the fused representation can further support subsequent
high-resolution reconstruction.

2.2 Medical Image Super-Resolution

Medical image super-resolution recovers richer high-frequency details from the inputs,
thereby improving spatial resolution, boundary discernibility, and clinical readabil-
ity. Early studies mainly relied on interpolation, sparse representation, and prior
constraints [34]. These methods usually compensate for missing information through
explicit degradation modeling or external priors and have relatively clear optimiza-
tion objectives. However, they are often limited in recovering complex textures and
handling large upscaling factors.

With the development of deep learning, medical image super-resolution has gradu-
ally moved beyond simple pixel-wise regression toward stronger feature representation,
perceptual reconstruction, and efficient dependency modeling. CNN-based methods
[35-37] first improved the recovery of local structures and fine details through learn-
able feature extraction, residual connections, and dense feature reuse. Dai et al. [35]
proposed a second-order attention network, which captures second-order statistical
information among features to improve reconstruction quality. Zhang et al. [36] then
introduced a deep residual dense network to further enhance feature reuse, effectively
improving the clarity of anatomical structures. Med-SRNet [37] further strength-
ens detail recovery through high-resolution representation learning. However, pure
CNN-based methods are still limited in capturing global dependencies and gener-
ating realistic textures, which has motivated researchers to explore other methods.
GAN-based methods introduce adversarial optimization to enhance visual realism
and texture perception. Ahmad et al. [38] proposed a GAN-based framework to



improve texture realism and visual quality, while Zhang et al. [39] incorporated long
short-term memory and attention into a GAN-based framework for three-dimensional
medical image super-resolution, thereby exploiting sequential correlations across vol-
umetric slices. Transformer-based methods further strengthen global dependency
modeling and efficient attention computation. SG-SRNet [40] computes attention only
in information-dense regions through sparse masking and clustered attention, reduc-
ing redundant computation in multimodal medical image super-resolution. Qin et al.
[41] further proposed a CNN-Transformer gated fusion network, which combines the
global modeling ability of Transformers with the local detail restoration ability of
dynamic convolution. Diffusion-based methods have also been introduced to improve
medical image reconstruction quality and processing efficiency. Namatevs et al. [42]
reduced denoising steps by comparing the intermediate distributions of low- and high-
resolution images, while Sadikov et al. [43] adopted Swin UNETR for efficient denoising
of diffusion MRI. Both methods significantly improve processing speed while main-
taining reconstruction quality, providing a feasible path toward clinical deployment.
In recent years, Mamba architectures have also been introduced into medical image
super-resolution. GLMamba [44] adopts a global Mamba branch and a local Mamba
branch to model long-range dependencies and local details, respectively, and integrates
complementary information through a multimodal feature fusion block. Overall, med-
ical image super-resolution has evolved from local convolutional reconstruction and
adversarial perceptual enhancement toward global dependency modeling, diffusion-
based generative modeling, and efficient long-sequence representation. Nevertheless,
most existing studies still focus on single-modality reconstruction or reference-guided
multimodal super-resolution, and their final objective is usually to enhance the res-
olution of a specific target image. Few studies treat fusion and super-resolution as a
unified objective for generating a high-resolution fused representation from multiple
complementary modalities.

3 Method
3.1 Overall Framework

From the perspective of medical imaging characteristics, different modalities empha-
size different types of information. Structural images represented by modalities such
as T1-weighted MRI (T1) and T2-weighted MRI (T2) can more clearly depict tissue
boundaries, morphological contours, and local texture details, which are closely related
to structural preservation in fusion results and subsequent high-resolution reconstruc-
tion. In contrast, functional images such as SPECT are more strongly associated with
regional activity distribution, global intensity variation, and functional response in
target regions. Because these two types of features differ in both representation pat-
terns and points of emphasis, simple fusion is often insufficient to fully exploit their
complementary advantages. To address this issue, this paper designs a dual-branch
network architecture, as shown in Fig. 1, to better explore the complementary prop-
erties of different modalities. Specifically, a structure branch is designed to encode
inputs with strong structural information in a targeted manner, so as to extract sta-
ble priors of edges, contours, and local textures. At the same time, a function branch
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Fig. 1 Overall architecture of the proposed unified framework for tri-modal medical image fusion
and super-resolution. The network adopts an end-to-end pipeline consisting of three core modules: a
dual-branch differentiated feature extractor (with a structure branch for anatomical detail extraction
and a function branch for semantic response capture), a bidirectional cross-attention residual fusion
module, and a high-resolution reconstruction head optimized under joint loss constraints. LR and SR
denote low-resolution input images and super-resolution outputs, respectively.

is introduced to extract functional features with stronger contextual perception abil-
ity, thereby providing the necessary semantic complement for subsequent cross-modal
fusion. To further enhance the interaction and fusion between these two types of
features, a Bi-CARF module is built on top of the dual-branch architecture, where bidi-
rectional cross-modal interaction is used to achieve effective complementarity between
structural details and functional semantics.

3.2 Structure Branch

In practical applications, structural modalities may involve multiple types, such as T1,
T2, and contrast-enhanced T1-weighted images, and the proposed method can be nat-
urally extended to an arbitrary number of structural inputs. For ease of presentation,
we take two representative structural modalities, X{ and X£%, as examples. Since
the informative content of structural modalities is mainly concentrated in local edges,
contour boundaries, and fine-grained textures, the structure branch first employs two
independent 3 x 3 convolutions to extract the initial structural features f; € RE*H*W
and fy € ROHXW This step enables a preliminary extraction of local structural
responses while preserving the original imaging characteristics, where C, H, and
W denote the number of channels, height, and width of the feature maps, respec-
tively. The resulting features are then concatenated along the channel dimension to
obtain the structural feature f¢ot ¢ R2C*HXW Thig strategy, which first encodes
each modality independently and then concatenates the features, avoids premature
mixing of different structural modalities at the shallow stage and preserves more suffi-
cient modality-specific information for subsequent feature combination. Based on this
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Fig. 2 One directional path of the proposed Bi-CARF. The structure-guided aggregation of func-
tional features is shown as an example.

representation, f% is fed into a structure encoder composed of two 3 x 3 convolu-
tions and LeakyReLU activation functions. The first convolution mainly models local
correlations between the concatenated bimodal features and performs channel com-
pression. The second convolution further refines the structural representation under
a unified feature dimension, allowing boundary and texture information to be more
fully integrated. The final output of the structure branch is F, € RE*XHxW

3.3 function branch

Similar to the structure branch, the functional modality may also involve multiple
input types, such as PET and SPECT, and the proposed method can likewise be
extended to multiple functional inputs. For ease of presentation, we take a single rep-
resentative functional modality, X2%, as an example. Since the effective information
in the functional modality is mainly reflected in regional responses over relatively large
spatial ranges, the function branch first applies a 7 X 7 convolution for initial mapping
to obtain an initial functional feature f3 € RE*#*W On this basis, f3 is then fed into
a functional encoder for further feature extraction. The encoder consists of two 7 x 7
convolution layers and LeakyReLU activation functions, which continuously aggregate
functional responses within large spatial neighborhoods and model contextual corre-
lations across different regions, thereby improving the stability and completeness of
functional information representation. The final output is the function branch feature
F ; c RCXH ><W.

3.4 Bidirectional Cross-Attention Residual Fusion Module
(Bi-CARF)

After obtaining the structure branch feature F, € REXEXHXW and the function
branch feature Fy € REBXCXHXW “the key objective of the fusion stage is to establish
a stable correspondence between these two types of features. Since they focus on dif-
ferent image attributes, direct addition or concatenation often implicitly assumes that
cross-modal features are already well aligned in spatial location, whereas this assump-
tion is difficult to satisfy in medical images. To address this issue, this paper designs a
bidirectional cross-attention residual fusion module, namely Bi-CARF, which achieves
interactive fusion between structural and functional features through a cross-modal
attention mechanism. Furthermore, given the strong complementarity between the



two feature types in information representation, one-way guidance is insufficient to
fully model their mutual dependencies. Therefore, a bidirectional interaction strategy
is adopted. Since the computations in the two directions are essentially the same, only
one interaction path is presented to avoid redundancy. As illustrated in Fig. 2, the
structural feature is used as the query to select responses from the functional feature
that are relevant to detail restoration. Specifically,

Q. = D5(W3(Fy))
Ky = D{(W/(Fy)) (1)
Vi = DI (W] (Fy))

where W(-) denotes a 1 x 1 convolution and D(-) denotes a 3 x 3 depthwise convolution
(DWConv).This formulation generates the queries, keys, and values required for cross-
attention through linear projections. Introducing DWConv after the linear projection
supplements local neighborhood information before attention computation, thereby
improving the stability of cross-modal matching.

The features are then rearranged into multi-head form as Q,, K¢, Vy €
REXMxdxN “where M is the number of attention heads, d = C/M, and N = H x W.
Since the reshaped ) and K have dimensions B x M x d X N, QSKJT produces a
channel correlation matrix rather than a conventional spatial correlation matrix. This
design allows structural channels to extract information from better-matched func-
tional channels, while avoiding the additional computational cost introduced by spatial
attention maps for high-resolution features. On this basis, (), and K are normalized
along the last dimension to reduce the interference caused by differences in intensity
distribution across modalities. The attention weight matrix for the structure-guided
path is defined as:

Asey = Softmax(T st(fT) (2)
where A, ¢ denotes the attention weight matrix for the structure branch to aggre-
gate information from the function branch, 7 is a learnable parameter for different
attention heads. Considering that different attention heads may focus on different fea-
ture relationships during cross-modal interaction, a fixed scaling factor cannot flexibly
satisfy the attention distribution required by each head. Therefore, 7 is set as a learn-
able parameter, allowing each head to adaptively adjust the aggregation strength. The
resulting cross-modal output is expressed as:

Osep = Ase s Vy (3)

where O s represents the output feature of this path.

The module then updates the original structural feature in a residual manner to
obtain the enhanced representation F, € REXCXH*W The reverse path is defined
in the same way, yielding the enhanced functional feature F 'r. Finally, the enhanced
features from both directions are concatenated along the channel dimension to obtain
the fused feature Fyyse € RB*2CxHXW Gince bidirectional interaction makes the
feature distribution more complex, a lightweight residual refinement module R(-) is

further introduced after Fyys. to locally reorganize the fused result and produce the



feature Fj,. Finally, F;, is fed into the reconstruction network to complete super-
resolution.

3.5 Loss Function

For multimodal medical image super-resolution, relying only on pixel-level error can
make the overall intensity of the reconstruction close to that of the real image, but it
remains insufficient for recovering edge contours and local high-frequency structures.
To address this issue, this paper adopts a joint loss function that combines a pixel
reconstruction constraint with an edge consistency constraint, so as to improve both
the overall fidelity and the detail restoration capability of the reconstructed results.

Specifically, a pixel reconstruction loss is used to directly constrain the difference
between the network output and the ground-truth high-resolution image. Here, the
L loss is adopted and defined as:

‘Cpiz = ||SR—HR||1 (4)

where SR denotes the network output and HR denotes the ground-truth high-
resolution image.

In addition, to further enhance the model’s sensitivity to tissue boundaries and
local high-frequency structures, an edge consistency loss is introduced. Specifically,
after converting the predicted image and the ground-truth image to grayscale, three
fixed 3 x3 edge extraction kernels are used to compute their local differential responses.
Let the response of the m-th edge operator be denoted by E™(SR) and E™(HR),
respectively. The edge consistency loss is then defined as:

Lotge = 5 3 |E™(SR) — E™(HR)|s %)

This loss term constrains the consistency between the prediction and the ground
truth in terms of local gradients and boundary responses, thereby encouraging the
network to better preserve tissue boundaries, structural contours, and fine-grained
texture information while restoring the overall intensity distribution. By combining
the two constraints above, the total loss function is written as:

L= Acpiac + ﬂﬁedge (6)

where [ is a weighting coefficient used to balance the contributions of the pixel recon-
struction loss and the edge consistency loss. Different weight settings are compared
in preliminary experiments, and § = 0.1 is finally selected after jointly consider-
ing pixel fidelity and structural detail restoration. This setting maintains the overall
intensity accuracy of the reconstruction while further strengthening the constraint on
high-frequency edge information, thereby yielding a better overall optimization effect.
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4 Experiment

4.1 Experimental Details

The proposed method is implemented in the PyTorch framework and is trained and
tested on a workstation equipped with an NVIDIA GeForce RTX4090 GPU. During
training, the Adam optimizer is used with a learning rate of 1 x 10~%, a batch size of 4,
and a total of 200 epochs. The same training strategy is adopted in all experiments to
minimize the influence of irrelevant factors on the results. Following the dataset setting
in the existing TFS-DIFF [18] work, all competing methods and the proposed method
are evaluated under the same data split and the same training and test data to ensure
the fairness and comparability of the experimental results. Since the task considered
in this study simultaneously emphasizes overall intensity recovery, edge preservation,
and structural detail fidelity, peak signal-to-noise ratio (PSNR) [45] and structural
similarity index measure (SSIM) [45] are adopted as evaluation metrics. PSNR reflects
pixel-level reconstruction fidelity, with a higher value indicating lower distortion from
the reference image, while SSIM measures perceptual structural similarity in terms of
luminance, contrast, and structure, with a value closer to 1 indicating better structural
preservation.

To validate the effectiveness of the proposed method, several representative medical
image fusion and reconstruction methods from recent years are selected for compar-
ison, including CTSR [33], CDDFuse [10], DDFM [26], EMMA [11], TFS-DIFF [18],
FusionMamba [31], ISFM [32], AdaSFuse [13], EFRUFN [46] and Mask-DiFuser [47].
For all competing methods, reproduction is conducted based on their publicly available
code and recommended parameter settings. Since most of these methods are origi-
nally designed for bimodal fusion, whereas this study focuses on joint tri-modal fusion
and super-resolution, the input stage is extended to three modalities in the experi-
ments without changing their core fusion mechanisms, and a unified DeformMamba
[48] reconstruction module is combined to perform super-resolution. The purpose of
this design is to constrain the differences among methods, as much as possible, to
the fusion mechanism itself and to reduce the interference caused by differences in
reconstruction modules, thereby improving the reasonableness of the comparison.

4.2 Quantitative Comparison Results

Table 1 presents the quantitative results of all compared methods on the Harvard test
set. PSNR and SSIM are reported at the x2, x4, and x8 scale factors to comprehen-
sively evaluate the reconstruction accuracy and structural preservation capability of
different methods.

At the x2 scale, Mask-DiFuser, ISFM, TFS-DIFF, AdaSFuse, CDDFuse, and
EMMA show relatively competitive performance among the compared methods,
whereas DDFM obtains clearly lower results. The proposed method achieves a PSNR
of 28.94 dB and an SSIM of 0.93, obtaining the highest PSNR and the tied-best SSIM.
Compared with Mask-DiFuser, which is the strongest competing method at this scale,
the proposed method improves PSNR by 0.88 dB while maintaining the same SSIM
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Table 1 Quantitative comparison on the Harvard dataset at x2, x4, and X8 upscaling factors.
PSNR and SSIM are reported for all methods, where higher values indicate better performance.
The best result in each column is shown in bold. All compared methods use the same
DeformMamba reconstruction module for super-resolution.

X2 x4 X8
Method PSNR{ SSIM{ PSNRT SSIMt? PSNR{ SSIM?
CTSR [33] (TIM'23) 25.73 0.86 23.05 0.78 20.84 0.72
CDDFuse [10] (CVPR’23) 26.55 0.89 22.38 0.77 20.15 0.70
DDFM [26] (ICCV’23) 20.55 0.74 19.31 0.69 18.49 0.66
EMMA [11] (CVPR24) 26.49 0.88 23.03 0.79 20.18 0.70
TFS-DIFF [18] (MICCAI'24) 27.16 0.89 24.02 0.81 21.60 0.74
FusionMamba [31] (VI'25) 25.33 0.86 22.99 0.79 20.92 0.72
ISFM [32] (TIP’25) 27.91 0.91 24.13 0.85 20.07 0.70
AdaSFuse [13] (TMM’25) 26.74 0.88 23.50 0.79 21.20 0.73
EFRUFN [46] (TPAMI'26) 26.71 0.90 22.56 0.80 19.42 0.66
Mask-DiFuser [47] (TPAMI'26)  28.06 0.93 24.36 0.88 21.39 0.79
Ours 28.94 0.93 24.95 0.84 21.93 0.77

o
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Fig. 3 Visual comparison of tri-modal fusion and x2 super-resolution on T1, T2, SPECT images.
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Fig. 4 Visual comparison of tri-modal fusion and X2 super-resolution on T1, T2, PET images.

value. Compared with ISFM and TFS-DIFF, the proposed method further improves
PSNR by 1.03 dB and 1.78 dB, respectively.

When the scale factor increases to x4, the proposed method still achieves the
highest PSNR of 24.95 dB, outperforming Mask-DiFuser, ISFM, and TFS-DIFF by
0.59 dB, 0.82 dB, and 0.93 dB, respectively. In terms of SSIM, Mask-DiFuser obtains
the best value of 0.88, while the proposed method achieves 0.84. Although the SSIM
of the proposed method is slightly lower than that of Mask-DiFuser, its clear advan-
tage in PSNR indicates stronger intensity reconstruction fidelity and lower pixel-level
distortion under this scale.
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Fig. 5 Visual comparison of tri-modal fusion and x4 super-resolution on T'1, T2, and SPECT images.
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Fig. 6 Visual comparison of tri-modal fusion and x4 super-resolution on T'1, T2, and PET images.

At the x8 scale, the performance degradation of most methods becomes more
evident due to the severe loss of high-frequency information. The proposed method
achieves the highest PSNR of 21.93 dB, surpassing TFS-DIFF, Mask-DiFuser, and
AdaSFuse by 0.33 dB, 0.54 dB, and 0.73 dB, respectively. Mask-DiFuser obtains the
highest SSIM of 0.79, while the proposed method achieves the second-best SSIM
of 0.77. This result suggests that Mask-DiFuser has an advantage in structural
similarity preservation, whereas the proposed method provides better overall recon-
struction fidelity. Therefore, the proposed method achieves a more favorable balance
between pixel-level accuracy and structural preservation, especially under challenging
high-magnification reconstruction conditions.

4.3 Visual Comparison Analysis

In addition to the quantitative comparison, this paper further selects several repre-
sentative competing methods for visual analysis of reconstruction quality. The results
at the x2, x4, and x8 upscaling factors are shown in Fig. 3-8, respectively. The left
side of each figure presents the overall fused image, with the local comparison region
marked by a red box. The right side shows magnified views of this region for T1, T2,
SPECT (PET), and different methods, where HR denotes the high-quality reference
image. As shown in Fig. 3 and 4, at the x2 upscaling factor, most compared methods
can recover the main anatomical structures, but noticeable differences remain in the
magnified local regions. CTSR and CDDFuse preserve the coarse structural layout, but
some fine textures and local boundaries are still over-smoothed. EMMA, TFS-DIFF,
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Fig. 8 Visual comparison of tri-modal fusion and X8 super-resolution on T1, T2, PET images.

and FusionMamba recover approximate texture patterns, while texture adhesion and
blurred transitions can still be observed in several fine-detail regions. ISFM and Mask-
DiFuser show relatively competitive structural preservation, which is consistent with
their quantitative SSIM performance. However, their local details are still not as clear
as those of the HR reference. In contrast, the proposed method reconstructs finer
branch-like textures and maintains clearer boundary transitions in both SPECT and
PET related results, producing visual details that are closer to the HR images.

As shown in Fig. 5 and 6, at the x4 upscaling factor, different methods exhibit clear
differences in their ability to preserve local structures and functional information. The
red-boxed region in Fig. 5 mainly focuses on the central orange functional structure and
its internal vertical textures. Methods such as CTSR, EMMA, EFRUFN, and Mask-
DiFuser show insufficient detail recovery, with relatively blurred structural boundaries
and internal textures. Although CDDFuse, FusionMamba, ISFM, and AdaSFuse pre-
serve the approximate morphology, their texture continuity and structural stability
remain limited. The red-boxed region in Fig. 6 mainly contains a central dark-blue low-
response structure, bilateral yellow functional distributions, and a lower red-orange
high-response area. Although most comparison methods can recover the overall color
distribution, they are still prone to over-smoothing, blurred boundaries, or attenua-
tion of the dark-blue structure, resulting in insufficient local structural hierarchy. In
contrast, By comparison, the proposed method better preserves the intensity distri-
bution of functional regions in both cases, while recovering clearer boundaries, local
textures, and structural hierarchies.
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Table 2 Ablation study of different module combinations. ¥ and X denote whether the
corresponding structure branch, function branch, or fusion module is used. Concat denotes direct
channel concatenation, and Bi-CARF denotes the proposed bidirectional cross-attention residual
fusion module.

X2 x4 X8
Structure  Function  Fusion  poupa  goiv4 pSNRY SSIMP PSNRY SSIMA
Branch Branch module
v X X 3151 0.82 30.60 075 1911 0.68
X v X 17.27 0.66 17.43 0.66 17.66 0.65
v v Concat 28.14 0.91 24.60 0.84 21.77 0.75
v v Bi-CARF 28.94 0.93 24.95 0.84 21.93 0.77

As shown in Fig. 7 and 8, at the x8 upscaling factor, the information loss caused
by large-magnitude enlargement becomes more pronounced, and the visual differences
among methods are mainly reflected in their ability to preserve key discriminative
structures. In the red-boxed regions, the main differences lie in the continuity of the
central low-response area, its separation from the surrounding high-response regions,
and the boundary integrity between adjacent anatomical structures and the back-
ground. It can be seen that CTSR, CDDFuse, EMMA, and AdaSFuse are limited
in recovering the central low-response structure. Typical artifacts include blunted
contours, spatial expansion of local regions, and unclear boundaries between adja-
cent response areas. EFRUFN produces noticeably over-smoothed results, where
several local structures become weakened and difficult to distinguish. TFS-DIFF and
FusionMamba better preserve structural relationships in the vertical and horizontal
directions, but the continuity of the central low-response region remains insuffi-
cient, and the boundary transitions are still overly broad. ISFM presents more local
variations, but its internal textures appear somewhat disordered, and the separa-
tion between regions is not sufficiently stable. Mask-DiFuser shows relatively good
structural preservation, which is consistent with its SSIM performance, but its local
pixel-level details are less faithful to the HR reference in some regions. In comparison,
the proposed method maintains a more discernible central structure and relatively
clearer separation between adjacent regions, while preserving comparatively complete
local contours in both comparisons. Nevertheless, some smoothing can still be observed
compared with the HR images, indicating that further improvement is still needed for
fine-detail recovery under severe upsampling conditions.

4.4 Ablation Experiment

To verify the effectiveness of the proposed dual-branch structure and cross-modal
fusion strategy, this paper conducts the main ablation experiments to compare the
reconstruction performance of different module combinations at three upscaling fac-
tors. Specifically, four model variants are considered, including a structure-only branch,
a function-only branch, dual branches with direct concatenation (Concat), and the
full model that combines dual branches with Bi-CARF. The detailed configurations of
these variants are listed in Table 2. In the ablation experiments, all training param-
eters and training strategies are kept identical across settings except for the module
combination scheme, in order to ensure the fairness and comparability of the results.
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Table 3 Effect of the loss-weight coefficient 5.

X2 x4 X8
5 PSNRfT SSIMt PSNRf  SSIMtT PSNRt  SSIM?T
0.1 28.94 0.93 24.95 0.84 21.93 0.77

0.2 28.56 0.91 24.85 0.84 21.82 0.75
0.5 28.60 0.92 24.92 0.84 21.86 0.76
0.8 28.57 0.92 24.90 0.84 21.86 0.75
1.0 28.62 0.92 24.86 0.84 21.69 0.75

To verify the necessity of the dual-branch design, the dual-branch direct concatena-
tion is compared with the two single-branch settings. As shown in Table 2, compared
with using only the structure branch, Concat improves PSNR, by 6.63 dB, 4.00 dB, and
2.66 dB at the x2, x4, and x8 upscaling factors, respectively, while SSIM increases by
0.09, 0.09, and 0.07. Compared with using only the function branch, Concat improves
PSNR by approximately 10.87 dB, 7.17 dB, and 4.11 dB at the x2, x4, and x8 upscal-
ing factors, respectively, while SSIM increases by approximately 0.25, 0.18, and 0.10.
These results indicate that a single branch is insufficient to simultaneously account
for structural detail recovery and functional semantic representation, whereas the
dual-branch design effectively integrates the complementary advantages of different
modalities, thereby substantially improving image reconstruction performance and
confirming the necessity of the dual-branch architecture.

Based on the dual-branch architecture, this paper further compares simple concate-
nation with the variant equipped with Bi-CARF. Compared with Concat, Bi-CARF
improves PSNR by 0.8 dB, 0.35 dB, and 0.16 dB at the three upscaling factors,
respectively. For SSIM, it yields an improvement of 0.02 at both the x2 and x8 upscal-
ing factors, while remaining unchanged at the x4 factor. These results suggest that,
once dual-branch features are available, simple concatenation alone is insufficient to
establish effective cross-modal correspondence. In contrast, Bi-CARF further explores
the correlation between structural and functional information through bidirectional
interaction, thereby enabling more adequate feature fusion.

4.5 Additional Analysis

To further examine the effects of several key design details on model performance, this
section provides a detailed analysis from three aspects, namely hyperparameter setting,
the internal structure of the fusion module, and convolution kernel size selection. By
comparing the experimental results under different configurations, the rationale of
these design choices can be more clearly demonstrated. The corresponding results are
summarized in Tables 3—-5. To evaluate the effect of the edge-consistency loss weight
coefficient S on model performance, 5 is set to 0.1, 0.2, 0.5, 0.8, and 1.0, and the
results are compared at the three upscaling factors of x2, x4, and x8, as shown
in Table 3. Overall, model performance exhibits only slight fluctuations as 5 varies,
indicating that the proposed method remains relatively robust to the choice of this
hyperparameter within a certain range. More specifically, when g = 0.1, the model
achieves the best PSNR at all three upscaling factors and obtains the best or tied-
best SSIM values. However, when 5 becomes excessively large, performance decreases
slightly. Considering the results across all three upscaling settings, S is ultimately set
to 0.1 in this paper.
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Table 4 Internal ablation study of Bi-CARF. Different interaction directions, together with the
use or removal of DWConv and normalization, are compared. S and F denote structural and
functional features, respectively. S < F denotes the structure-guided aggregation path, F < S
denotes the reverse path.

X2 x4 X8
Direction DWConv Normalization PSNR7T SSIM?T  PSNR?T SSIMT PSNRT SSIM 7T
Single(F « S) v v 28.02 0.90 24.10 0.81 21.75 0.74
Single(S « F) v v 28.21 0.91 24.73 0.84 21.78 0.75
Bidirectional X (%4 27.89 0.90 24.55 0.82 21.30 0.73
Bidirectional v X 28.20 0.91 24.73 0.84 21.78 0.75
Bidirectional v v 28.94 0.93 24.95 0.84 21.93 0.77

Table 5 Effect of convolution kernel size in the structure and function branches.

X2 x4 X8
Structure kernel Function kernel PSNR?T SSIMT PSNR1 SSIMT PSNR?T SSIM?T
TXT TXT 27.86 0.90 24.53 0.81 21.60 0.74
3x3 3x3 28.24 0.92 24.80 0.83 21.81 0.75
3x3 TXT 28.94 0.93 24.95 0.84 21.93 0.77

To further analyze the effects of the key components in Bi-CARF on fusion and
reconstruction performance, internal ablation experiments are conducted from three
aspects, namely interaction direction, the local modeling unit, and feature normaliza-
tion, and the results are presented in Table 4. Compared with the two unidirectional
interaction variants, the complete bidirectional interaction achieves the highest PSNR
at all upscaling factors and obtains comparable or better SSIM values. This indicates
that bidirectional interaction is more effective in establishing the mutual relationship
between the two types of features. After removing DWConv, the PSNR drops by 1.05
dB, 0.40 dB, and 0.63 dB at the three upscaling factors, respectively. In addition,
removing the normalization operation also leads to performance degradation to vary-
ing degrees. Overall, the performance gain of Bi-CARF does not arise from any single
operation, but from the joint effect of bidirectional interaction, local modeling, and
normalization constraints.

To verify the rationality of the convolution kernel settings in the structure branch
and the function branch, three kernel combinations are considered: using 7x7 convo-
lutions in both branches, using 3x3 convolutions in both branches, and using a 3x3
convolution in the structure branch together with a 7x7 convolution in the function
branch. As shown in Table 5, the model achieves the best performance when different
kernel sizes are adopted in the two branches. This indicates that the structural and
functional modalities emphasize different aspects of information representation, and
that using different kernel sizes is more beneficial for extracting effective features from
each modality.

5 Discussion

Although the unified framework proposed in this paper achieves favorable overall
performance in tri-modal medical image fusion and super-resolution reconstruction,
several limitations remain to be further optimized and improved for real-world clinical
applications.
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The current framework assumes that the input multimodal images are spatially
well registered. However, in clinical practice, multimodal medical images are often
acquired using different devices, scanning protocols, and time points. Patient motion
and variations in imaging parameters may further introduce local spatial misalign-
ments. Such registration errors may disrupt the correspondence between structural
information and functional responses, interfere with cross-modal attention-based fea-
ture learning, and ultimately degrade the quality of image fusion and super-resolution
reconstruction. Further, the proposed method assumes access to complete tri-modal
inputs during inference. In real clinical environments, however, complete tri-modal
data are not always available due to constraints such as scanning cost, radiation
dose, examination duration, patient contraindications, and incomplete clinical records.
Missing modalities or severely degraded image quality are common in practical sce-
narios, which reveals the limited adaptability and stability of the current dual-branch
structure under incomplete input conditions. In addition, the model mainly relies on
supervised training with pseudo-ground-truth references. Although this training set-
ting enables consistent experimental evaluation and comparable quantitative results,
obtaining large amounts of strictly paired and high-quality ground truth for tri-modal
high-resolution fused images remains challenging in medical imaging. This may limit
the practical deployment potential of the model to some extent. Moreover, the model
has only been validated on a single dataset, and its generalization ability across dif-
ferent imaging devices, scanning parameters, anatomical regions, and clinical centers
still requires further systematic verification.

To address these limitations, future work will conduct systematic research focusing
on the clinical applicability, robustness, and generalizability of the model. For reg-
istration errors commonly observed in clinical settings, future studies will prioritize
improving model stability under non-ideal registration conditions and explore fusion
and reconstruction strategies that can adapt to complex spatial misalignment. For
incomplete modality data and degraded image quality in real clinical environments,
future research will focus on missing-modality robust learning to improve the model’s
adaptability and robustness to diverse and incomplete inputs. To reduce the reliance
on high-quality paired ground truth, future work will explore learning paradigms such
as unsupervised and weakly supervised learning, thereby reducing the dependence on
precise annotations and better adapting to the scarcity and pairing difficulty of medi-
cal imaging data. In addition, to further promote the clinical translation of the model,
future research will emphasize improving cross-scenario generalization through valida-
tion and optimization on large-scale, multi-center, and diverse datasets. The clinical
potential and practical value of the proposed fusion and reconstruction framework will
also be comprehensively evaluated through clinical expert assessment and downstream
diagnostic tasks.

6 Conclusion

This paper presents a unified framework for tri-modal medical image fusion and super-
resolution reconstruction. The proposed framework performs differentiated modeling
of multimodal information through a structure branch and a function branch, and
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explicitly establishes the relationship between structural information and functional
semantics via a bidirectional cross-attention residual fusion module. In this way, end-
to-end modeling from tri-modal inputs to high-resolution fused outputs is achieved.
Extensive experiments on multiple tri-modal medical image combinations demonstrate
that the joint optimization of image fusion and super-resolution reconstruction effec-
tively improves both fusion quality and reconstruction performance, and that the
proposed framework achieves superior overall performance. This paper also discusses
the potential limitations of the proposed method and future work in real-world clinical
applications.
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