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Abstract To break the performance bottleneck caused by traditional fusion rules, an infrared and visible image fusion
network based on multiclassification adversarial mechanism in the feature space is proposed. Compared with existing
methods, the proposed method has more reasonable fusion rule and better performance. First, an autoencoder
introducing attention mechanism is trained to perform the feature extraction and image reconstruction. Then, the
generative adversarial network (GAN) is adopted to learn the fusion rule in the feature space extracted by the trained
encoder. Specifically, we design a fusion network as the generator to fuse the features extracted from source images,
and then design a multi-classifier as the discriminator. The multiclassification adversarial learning can make the fused
features approximate both infrared and visible probability distribution at the same time, so as to preserve the most
salient characteristics in source images. Finally, the fused image is reconstructed from the fused features by the trained
decoder. Qualitative experiments show that the proposed method is in subjective evaluation better than all state-of-the-
art infrared and visible image fusion methods, such as GTF, MDLatLRR, DenseFuse, FusionGAN and U2Fusion. In
addition, the objective evaluation shows that the number of best quantitative metrics of our method is 2 times that of
U2Fusion, and the fusion speed is more than 5 times that of other comparative methods.

Key words image fusion; fusion rule; deep learning; autoencoder; generative adversarial network
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Fig. 1 Schematic of the end-to-end fusion method
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Fig. 6 Structures of generative adversarial network for fusion rule learning
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Fig. 7 Qualitative results of the comparative experiment on
TNO dataset
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Table 1 Quantitative Results of the Comparative Experiment on TNO Dataset
R1 TNO BIRE LI LEIWHMESER

flE Ik VIFt EN? SCD1 Mt QAB/F4 SD1 SF1
GTF 0.350:£0.052 6.753+0.396 0.985+0.165 1.200+0.440 0.423+0.100 35.157+11.405 10.315+5.268
MDLatLRR 0.346+0.051 6.438+0.408 1.663+0.135 1.037+0.225 0.435+0.077 26.148+6.242 7.930+3.587
DenseFuse 0.386+0.091 6.836+0.273 1.835+0.128 1.114+0.269 0.440+0.103 35.144+8.891 9.296+3.806
FusionGAN 0.23120.046 6.450+0.323 1.512+0.228 1.099+0.207 0.210+0.055 27.683+6.052 6.075+2.051
U2Fusion 0.423:0.106 6.923+0.251 1.808+0.094 0.906+0.197 0.430+0.068 34.446+7.659 11.928+4.681
ARSI 0.414+0.103 7.183+0.283 1.9360.060 1.2400.275 0.4460.110 48.605+8.671 13.203+4.792
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Fig. 8 Qualitative results of the comparative experiment on
MFNet dataset
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Table 2 Quantitative Results of the Comparative Experiment on MFNet Dataset
&2 MFNet HiFE EXEXBHEELER

[FiSEwiprS VIFt EN? SCD1 M QABIFy SD? SF1t

GTF 0.311+0.022 7.458+0.197 1.027+0.186 1.575+0.230 0.399+0.059 55.343+8.671 10.501+1.866
MDLatLRR 0.327+0.025 6.896+0.225 1.306+0.239 1.325+0.233 0.461+0.034 39.477£7.181 9.016+0.986
DenseFuse 0.326+0.030 7.131£0.229 1.653+0.149 1.398+0.241 0.475+0.038 48.696+8.163 10.200+1.265
FusionGAN 0.178+0.022 6.882+0.300 0.609+0.594 1.424+0.186 0.234+0.044 35.397+£5.765 7.299+1.288
U2Fusion 0.350+0.035 7.253+0.198 1.65740.115 1.266+0.232 0.496+0.028 50.794+8.582 14.072+1.546
KGNS 0.319+0.027 7.562+0.205 1.731+0.085 1.609+0.246 0.422+0.036 65.392+8.494 10.749+1.242
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Fig. 9 Qualitative results of the generalization experiment
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Table 3 Quantitative Results of the Generalization Experiment
x3 ZUSHEHESER

flE Ik VIFt EN? SCD1 M QABIFy SD1 SF1t
GTF 0.3030.031 7.486+0.190 1.047+0.101 1.56340.241 0.340:£0.045 48.91146.487 8.247+1.342
MDLatLRR 0.320+0.036 6.933+0.298 1.257+0.324 1.445+0.286 0.506+0.055 32.647+6.336 9.28742.158
DenseFuse 0.329:£0.048 7.283+0.245 1.669+0.218 1.503+0.280 0.534:0.042 43.337+6.869 11.228+2.197
FusionGAN 0.204:0.022 7.1110.158 1.057+0.393 1.377+0.172 0.280£0.038 39.024+4.354 8.203+1.024
U2Fusion 0.3440.052 7.249+0.263 1.546+0.236 1.293+0.259 0.535+0.037 40.279+7.032 14.406+2.668
£33 0.316+0.039 7.575+0.185 1.726+0.135 1.641+0.303 0.506+0.036 54.533+6.577 11.77442.274
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Table4 Mean of Running Time of Each Method on Three

Datasets
T4 EBFEEINEEELNFHETRIE s
[FiSEwiRrS TNO MFNet RoadScene

GTF 5.302 3.259 1.644
MDLatLRR 35.569 28.052 15.188
DenseFuse 0.358 0.299 0.562
FusionGAN 0.360 0.196 0.403
U2Fusion 0.613 0.264 0.643
SRS 0.066 0.038 0.029
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Fig. 10 Ablation experiment results of feature fusion network
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Fig. 11 Ablation experiment results of autoencoder
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