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Abstract: Existing Transformer-based fusion methods employ a self-attention mechanism to model the global
dependency of the image context, which can generate superior fusion performance. However, due to the high
complexity of the models related to attention mechanisms, the training efficiency is low, which limits the
practical application of image fusion. Therefore, a multilayer perceptron interactive fusion method for Infrared
and visible images, called MLPFuse, is proposed. First, a lightweight multilayer perceptron network
architecture is constructed that uses a fully connected layer to establish global dependencies. This framework
can achieve high computational efficiency while retaining strong feature representation capabilities. Second,
a cascaded token- and channel-wise interaction model is designed to realize feature interaction between
different tokens and independent channels to focus on the inherent features of the source images and enhance
the feature complementarity of different modalities. Compared to seven typical fusion methods, the
experimental results on the TNO and MSRS datasets and object detection tasks show that the proposed
MLPFuse outperforms other methods in terms of subjective visual descriptions and objective metric
evaluations. This method utilizes a multilayer perceptron to model the long-distance dependency of images
and constructs a cascaded token-wise and channel-wise interaction model to extract the global features of
images from spatial and channel dimensions. Compared with other typical fusion methods, our MLPFuse
achieves remarkable fusion performance and competitive computational efficiency.
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Fig.1 Network framework for multi-layer perceptron fusion method
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Fig.2 Schematic diagram of multi-layer perceptron module
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Fig.3 The qualitative comparison results on the TNO dataset
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Table 1  The quantitative comparison results of four fusion
models on the TNO dataset
Metrics w/o CNN  w/o Channel w/o Token MLPFuse
AG 6.1248 5.1800 5.1256 5.2920
PC 0.1592 0.3504 0.3238 0.3552
VIF 0.3298 0.4492 0.4432 0.4527
SSIM 0.6664 0.7222 0.7173 0.7185
SD 36.4795  37.2235 37.0068 37.5581
Ml 2.2632 3.6139 3.3471 3.8572
Qf 0.5234 0.5379 0.5120 0.5411
Q® 0.2425 0.4934 0.4850 0.4923
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Fig.6 The quantitative comparison results of different methods on the TNO dataset
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Table 2 The quantitative comparison results of different methods on the MSRS dataset

Metrics CSF FusionGAN GanMcC U2Fusion RFN-Nest SwinFuse YDTR MLPFuse
AG 2.7039  1.6765 2.3093 3.2542 1.4409 2.3004 2.5967  4.2991
PC 0.3465  0.1347 0.3218 0.3369 0.3278 0.2555 0.3800 0.4184
VIF 0.3458  0.2269 0.3328 0.3462 0.3818 0.2025 0.2992  0.4697
SSIM 0.6872 0.6126 0.6863 0.6910 0.6711 0.3197 0.5969 0.7124
SD 26.6847 17.0763 26.3381  25.5250 19.8085 29.7195 25.3717 42.5426
Mi 2.4007 1.8926 2.5656 2.0158 3.3227 1.7803 2.7674 3.8856
Qobf 0.3799 0.1405 0.3044 0.4191 0.2457 0.1790 0.3489 0.6065
Qe 0.2843  0.1446 0.2921 0.3191 0.2364 0.1348 0.2694  0.5092
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Table 3 The quantitative comparison results of object detection in infrared, visible and fused images on the MSRS dataset

mAP@0.5 mAP@ [0.5:0.95]

Method Person Car All Person Car All

Infrared 0.983 0.946 0.965 0.631 0.666 0.649
Visible 0.908 0.979 0.944 0.492 0.687 0.590
CSF 0.977 0.939 0.958 0.623 0.655 0.639
FusionGAN 0.974 0.955 0.965 0.615 0.626 0.620
GanMcC 0.974 0.940 0.957 0.628 0.665 0.646
U2Fusion 0.976 0.949 0.963 0.628 0.635 0.631
RFN-Nest 0.979 0.912 0.945 0.652 0.606 0.629
SwinFuse 0.948 0.828 0.888 0.590 0.479 0.534
YDTR 0.976 0.947 0.962 0.641 0.660 0.641
MLPFuse 0.968 0.985 0.977 0.711 0.653 0.682
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Fig.9 The qualitative comparison results of object detection in infrared, visible and fused images on the MSRS dataset
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Table 4 The comparison results of computation efficiency for
different fusion methods

Method TNO MSRS
CSF 4.129 11.976
FusionGAN  0.513 1.779
GanMcC 0.785 0.404
U2Fusion 1.515 0.148
RFN-Nest 0.235 0.218
SwinFuse 0.223 0.302
YDTR 0.201 0.360
MLPFuse 0.149 0.121
3 4t
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