
An Adaptive Graph and Hybrid Attention
Framework for Unaligned Medical Image Fusion

Wenxuan Feng1[0009−0003−7588−3776], Yufeng Zhou1[0009−0008−2864−0604]⋆, and
Wenming Cao1[0000−0002−8174−6167]

Shenzhen University, Shenzhen, 518060, China
2410043102@mails.szu.edu.cn, 2250432015@email.szu.edu.cn,

wmcao@szu.edu.cn

Abstract. Unaligned multimodal medical image fusion aims to jointly
achieve feature alignment and information integration. However, severe
modality discrepancies, noise interference, and blurred boundaries often
undermine registration stability and fusion quality. In this paper, we
propose a Hybrid Attention Graph Fusion Network, termed HAGF-Net,
for unaligned multimodal medical image fusion. We find that effective
fusion of unaligned multimodal medical images requires not only reli-
able structural representation, but also robust cross-modal correspon-
dence modeling under uncertain imaging conditions. Therefore, we in-
troduce a Dual Attention Transformer Block (DATB) to enhance struc-
tural feature learning by jointly capturing global contextual dependen-
cies and local spatial details. Moreover, we develop a Fuzzy-Aware Graph
Registration Block (FGRB), in which Adaptive Feature Graph Model-
ing (AFGM) dynamically establishes representative structural relation-
ships across modalities to improve correspondence estimation. To fur-
ther address unreliable responses caused by fuzzy regions, we incorpo-
rate Uncertainty-Aware Fuzzy Attention (UFA) together with spatial
attention, which suppresses ambiguous features and highlights informa-
tive anatomical regions for more accurate deformation estimation. Exten-
sive experiments demonstrate that HAGF-Net achieves superior registra-
tion accuracy and fusion quality under complex modality discrepancies
and nonlinear deformations. For instance, on the MRI-CT dataset, our
method achieves improvements of 0.275 in QAB/F and 0.395 in QS over
existing methods.
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1 Introduction

Multimodal medical image fusion (MMIF) aims to integrate complementary in-
formation from different imaging modalities, such as CT, MRI, and PET, into a
unified representation with enhanced structural details and improved lesion char-
acterization. In recent years, deep learning-based MMIF methods have achieved
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promising performance. CNN-based approaches [1] are effective in extracting lo-
cal textures and structural details, Transformer-based models [2] improve long-
range dependency modeling, and hybrid frameworks [3] attempt to exploit the
complementary advantages of convolution and attention mechanisms. However,
most of these methods are developed under the assumption that the input im-
ages are strictly aligned at the pixel level. This assumption is often violated in
real clinical scenarios due to patient motion, modality-specific imaging mech-
anisms, and local non-rigid anatomical deformations, which significantly limits
the practical applicability of existing fusion models.

To address image misalignment, conventional approaches typically adopt a
two-stage pipeline that performs image registration prior to fusion [4, 5]. Al-
though this strategy alleviates misalignment to some extent, cross-modal med-
ical image registration remains highly challenging due to substantial modality
discrepancies and complex anatomical variations. Recent studies have therefore
explored unified frameworks that jointly model registration and fusion within a
single architecture [6, 7], aiming to reduce error accumulation and enable end-
to-end optimization. However, most existing joint approaches are designed for
natural images or simplified multimodal scenarios, and still struggle under severe
modality gaps and complex non-rigid deformations in medical images.

The core difficulty is that joint registration and fusion require both cross-
modal consistency and modality complementarity, while accurate alignment fur-
ther depends on jointly modeling global anatomical context and fine-grained
local details. Existing architectures remain inadequate for this purpose: CNN-
based methods are effective for local feature extraction but limited in long-range
dependency modeling, whereas Transformer-based methods can capture global
context but often suffer from high computational cost and insufficient spatial cor-
respondence for fine anatomical structures. Restormer [8] provides an efficient
restoration-oriented Transformer paradigm for high-resolution image represen-
tation; however, it is not explicitly designed to address cross-modal appearance
discrepancy or deformation-aware spatial correspondence, which are essential for
unaligned MMIF. In addition to feature representation, structural relation mod-
eling is also crucial for reliable deformation estimation, as KNN-based dynamic
graph construction is adaptive but computationally expensive [9], while static
graph construction is more efficient but lacks input-aware flexibility [10]. These
limitations are further exacerbated by fuzzy medical image characteristics, such
as intensity inhomogeneity, noise, partial volume effects, and blurred boundaries,
which introduce uncertainty and reduce the reliability of deformation estimation
[11].

To address these challenges, we propose a Hybrid Attention Graph Fusion
Network (HAGF-Net), a unified framework for joint registration and fusion of
unaligned multimodal medical images. It consists of a cross-modal feature inter-
action module, a bidirectional stepwise registration module, and a multimodal
feature fusion module. In the cross-modal feature interaction module, we incor-
porate a Restormer-inspired Dual Attention Transformer Block (DATB) to en-
hance global–local feature representation by integrating channel attention with
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spatial attention. Based on the enhanced features, we develop a Fuzzy-Aware
Graph Registration Block (FGRB) for robust cross-modal correspondence mod-
eling. Within FGRB, Adaptive Feature Graph Modeling (AFGM) constructs
efficient and input-adaptive structural relationships across modalities, overcom-
ing the limitations of both static and KNN-based graph construction. Further-
more, Uncertainty-Aware Fuzzy Attention (UFA) and Spatial Attention (SPA)
are incorporated to suppress ambiguous responses, emphasize reliable anatomi-
cal regions, and progressively refine deformation estimation. The aligned features
are then fed into the fusion module, enabling unified optimization of registration
and fusion.

Extensive experiments on unaligned multimodal medical image datasets demon-
strate that the proposed method consistently outperforms state-of-the-art fusion
and joint registration–fusion approaches in terms of both alignment accuracy and
fusion quality. These results validate the effectiveness of the proposed hybrid
attention and graph-based design in handling complex modality discrepancies
and anatomical variations. In summary, the main contributions of this work are
three-fold:

– We propose a Hybrid Attention Graph Fusion Network (HAGF-Net) for
unaligned multimodal medical image fusion, in which registration and fusion
are jointly optimized within a unified single-stage architecture.

– We introduce a Dual Attention Transformer Block (DATB) as a feature en-
hancement unit in the cross-modal feature interaction module, and further
develop a Fuzzy-Aware Graph Registration Block (FGRB) to jointly enhance
global–local feature representation and reliable cross-modal structural cor-
respondence modeling.

– We further develop an adaptive uncertainty-aware deformation refinement
strategy within FGRB, where Adaptive Feature Graph Modeling (AFGM)
enables input-adaptive relation construction, while Uncertainty-Aware Fuzzy
Attention (UFA) and Spatial Attention (SPA) improve the robustness and
spatial precision of deformation estimation.

2 Method

As shown in Fig. 1, HAGF-Net consists of three components: a Cross-Modal
Feature Interaction Module, a Bidirectional Stepwise Registration Module, and
a Multi-Modal Feature Fusion Module. The first module enhances shared feature
representations for unaligned multimodal images via global–local modeling and
cross-modal interaction. Based on the enhanced features, the registration mod-
ule progressively estimates deformation fields for feature alignment. To improve
robustness under large modality discrepancies, the Fuzzy-Aware Graph Registra-
tion Block (FGRB) integrates adaptive graph modeling and uncertainty-aware
attention to refine deformation estimation. Finally, the fusion module warps the
features with the estimated deformation and generates the fused image.




