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ABSTRACT: Multimodality image fusion (MMIF) tasks aim to fuse complementary information from different
modalities, such as salient objects and texture details, to improve image quality and information comprehensiveness.
Most current MMIF methods adopt a “black-box” decoder to generate fused images, which leads to insufficient
interpretability and difficulty in training. To deal with these problems, MMIF is converted into a modality contribution
estimation task through a novel self-supervised fusion network named MFDCE-Fuse.
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I. INTRODUCTION

The core challenge in multimodality image fusion is effectively integrating distinct features—like the thermal radiation
of infrared images and the high-resolution spatial details of visible images—without losing critical data. Traditional
methods often struggle with transparency. MFDCE-Fuse addresses this by focusing on modal feature disentanglement
and explicit contribution estimation

II. RELATED WORK

The MFDCE-Fuse framework is built upon several innovative components designed to enhance both performance and
interpretability:
Contrast-Learning Autoencoder: The model integrates the strengths of CNNs and Swin Transformers to capture
long-range global features alongside local texture details.
Contrastive Reconstruction Loss: This loss is designed to promote the uniqueness and non-redundancy of the
captured features.
Feature Disentangled Representation: To prevent modal redundant features from interfering with contribution
estimation, a framework based on contrastive constraints is used to obtain modal-common and modal-private features.
Modality Contribution Estimation: The contribution of modal images to the fusion is evaluated through the
proportion of modal-private features, enhancing process interpretability.

III. METHODOLOGY

To ensure the high quality of the fused image and the integrity of the features, the network utilizes specific loss
functions:

Weighted Perceptual Loss: Constructed to guarantee the visual quality of the output.
Feature Disentanglement Contrastive Loss: Specifically designed to ensure that private features remain intact during
the disentanglement process.

IV. EXPERIMENTAL VALIDATION

The MFDCE-Fuse model has been validated through qualitative and quantitative experiments across multiple domains:
Visible-Infrared Fusion (VIF): Successfully merges thermal and visual data.
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Fig: Visible-Infrared Fusion

Medical Image Fusion (MIF): Demonstrates effective generalization in clinical imaging tasks.

Fig: Medical Image Fusion
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V. CONCLUSION

By shifting the focus from a "black-box" architecture to a contribution estimation task, MFDCE-Fuse provides a highly
interpretable and effective solution for multimodality image fusion. The integration of CNN-Transformer architectures
and contrastive learning ensures that both global context and local details are preserved, resulting in superior image
quality.
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