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Semantic-driven interactive fusion of infrared and visible images

WANG Jinchun', MA Ping’, ZHANG Hongli’, WANG Cong’, YUAN Ru'
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Abstract: In order to solve the limitations of existing infrared and visible images fusion algorithms in preserving
pixel-level information and extracting semantic features, an infrared and visible image interactive fusion method
based on semantic driven was proposed. First, the image fusion network and the image segmentation network were
jointly operated to form a semantic-driven effect, enhancing the retention of information features of the image in both
pixel domain and semantic domain. Then, a cross-domain interactive integration module was constructed to capture
features of infrared and visible images, allowing for the interactive transfer of features across different spatial
locations and independent channels, thereby mapping features from local to global, and enhancing the
complementary characteristics of the two types of images. Finally, a semantic loss function was introduced to
constrain the network training, preserving the intrinsic semantic features of the source images. Pixel-level fusion
experiments and semantic-level segmentation experiments were conducted on multi-band data sets and multi-spectral
road scene data sets. These experiment results were then compared with six other advanced fusion algorithms. The
results of fusion experiments show that the proposed algorithm achieves improvements of 47. 92% , 6. 15%
0.87% , 44. 31% , 35. 99% and 36. 88% across six objective evaluation metrics, including gradient-based
similarity measures, information entropy, peak signal-to-noise ratio, spatial frequency, standard deviation and
visual fidelity. The results of segmentation experiments indicate that the proposed algorithm outperforms all other
evaluation metrics. Therefore, the proposed method exhibits superior performance in both qualitative analysis of
subjective visual effects and quantitative indicators of quality evaluation compared to existing algorithms. The fusion
images effectively balance both visual quality and high-level semantic tasks, thereby enhancing utility for human
visual observation and machine vision perception.
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Fig.1 Semantic-driven interactive fusion network structure of infrared and visible images
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Fig.2  Qualitative results of different fusion strategies and different loss functions on MSRS dataset
1 AERHEREAAERKELHE MSRS HIEE FHEELER
Tab.1 Quantitative results of different fusion strategies and different loss functions on MSRS dataset
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Fig.3  Qualitative fusion results of different fusion methods in TNO dataset
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Tab.2  Comparison of quantitative results of objective indicators of different fusion methods in TNO dataset
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Fig.4  Qualitative fusion results of different fusion methods in MSRS dataset
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Tab.3  Comparison of quantitative results of objective indicators of different fusion methods in MSRS dataset

ik QAVF Ey Rypsy/dB Fy Dy Fy,
DenseFuse 0.050 5.936 61.759 6.025 23.567 0.047
FusionGAN 0.048 5.431 62.850 4.354 17.076 0.436
PIAFusion 0. 666 6.637 64.127 12.122 45.336 1.016
SeAFusion 0.674 6.651 64.331 11.248 41.841 0.968
SuperFusion 0.558 6.582 64.418 10. 639 42.315 0.808
SDCFusion 0.715 6.656 64.231 11.488 42.090 1.043
AR 0.718 6.664 64.157 11.474 41.984 1.048

£ TNO 1 MSRS #4684 I, AR SRR AE QY
Ey Ry Fs D 1 Fy 6 D FWPE 38 b5 5351 °F
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Fig.5 Segmentation results for different fusion methods in MSRS dataset

F4 T REBMEEET MSRS HiEE R E RS BIMEREIEIRILE

Tab.4 Comparison of image segmentation performance metrics for different fusion methods in MSRS dataset %
1y
ik Y P ; Y s B T, L
H * A HATH U224 il P S HE I
DenseFuse 98.25 87.65 67.42 70.70 61.76 71.10 76.52 55.69 74.02 73.67
FusionGAN 98.25 87.35 66.92 70.09 61.99 65. 66 73.85 55.30 69.49 71.47
PIAFusion 98.23 87.64 67.29 70.53 61.72 70.70 70. 60 56.52 72.62 72.87
SeAFusion 98.23 87.77 67.54 70.59 61.13 70.60 73.38 56.49 71.63 73.04
SuperFusion 98.06 86.31 66.57 69.92 59. 66 67.92 76.25 53.49 66. 25 71.60
SDCFusion 98.23 87.88 67.55 70.28 61.31 70.68 70.40 57.20 72.99 72.95

AR 98.45 89.10 69.67 73.05 65.04 74. 66 76.99 61.01 78.35 76.26
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