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Infrared and visible image fusion method integrating semantic segmentation
and cross-modality differential feature compensation
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Science and Technology University, Beijing 100192, China)

Abstract: To address the issues of detail information loss and blurred salient target contours in existing infrared and visible image fusion
models during deep feature extraction, we propose an infrared and visible image fusion method that combines semantic segmentation with
cross-modality differential feature compensation (CMDFC). By incorporating a cross-modality differential feature compensation module
with a convolutional block attention module (CBAM) , complementary features from different modalities are integrated into the original
features for deep feature extraction. Additionally, a semantic segmentation network is introduced to perform pixel-level classification on
the fused image, constructing a semantic loss to constrain the fusion network, and a decoder is used to reconstruct the fused image.
Experimental results on public datasets show that compared to the best metrics of the reference models, the proposed model achieves
various degrees of improvement in five selected metrics, with mutual information ( MI) and visual information fidelity ( VIF) increased of
4.41% and 4.25% , respectively. These results indicate that the proposed model generates clearer fused images with stronger correlation
to the source images, effectively mitigating the issue of feature detail loss during the fusion process and enhancing the visual quality and
contrast of the generated images.
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Fig. 1

An infrared and visible image fusion framework combining semantic segmentation and

cross-modality differential feature compensation
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Fig.2 Fusion network structure
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Table 1 Relevant parameters of each convolutional layer in progressive fusion network
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Fig.3 Cross-Modal differential feature compensation module
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Fig.5 Image reconstructor
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Fig.9  Qualitative analysis of SSCM-Fusion on
the daytime scene (00196D)
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Fig. 10 Qualitative analysis of SSCM-Fusion on
the daytime scene (00581D)
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Fig. 11  Qualitative analysis of SSCM-Fusion on
the nighttime scene (00036N )
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Fig. 12 Qualitative analysis of SSCM-Fusion on

the nighttime scene (00718N)
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Fig. 13 Qualitative analysis of SSCM-Fusion on
the nighttime scene (00947N)
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Table 2 Quantitative analysis of 64 sets of images

from the comprehensive test dataset
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Fig. 14  Analysis of metrics for different
models across MSRS Dataset
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Table 3 Quantitative analysis of ablation experiments

BR M1 VIF SSIM
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