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Saliency-based dual discriminator GAN image fusion algorithm
XIE Yibo, LIU Weiguo, ZHOU Shun, LI Menghan
(School of Photoelectric Engineering, Xi'an Technological University, Xi'an 710021, China)

Abstract: To address the problem that infrared images and visible images have different feature expressions in
different scenes, an saliency-based dual discriminator generative adversarial network method was proposed to
fuse the infrared and visible feature information. Different from the traditional generative adversarial network,
a dual discriminator approach was adopted to discriminate the saliency regions in the source images and the
fusion images respectively in this algorithm, and the saliency regions of the two source images were used as
the input of the discriminator so that the fusion image retained more salient features. The gradient constraint
was introduced into its loss function so that the salient contrast and rich texture information could retain in the
fusion image. The experimental results show that the proposed method outperforms other comparison
algorithms in four evaluation indexes: entropy (EN), mean gradient (MG), spatial frequency (SF) and edge
intensity (EI). This study achieves efficient fusion of infrared images and visible images, which is expected to
gain applications in fields such as target recognition.

Key words: image processing; generative adversarial networks; image fusion; salient regions; target

recognition
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Table 1 Objective evaluation results for different methods of comparison experiments

Indices Image IHS PCA LP DWT TIF FusionGAN GAN-McC DDc-GAN  SS-GAN Ours
EN Img 1 7.1385 7.1396  6.0798 59014  6.4340 6.6317 6.6732 6.9024 6.7654 6.6439
Img 2 73526 7.3047  7.4338 7.4658  7.3544 6.8938 7.3268 74759 7.1954 7.7750
Img 3 7.1899 7.2188 6.8083 6.8806  6.8213 6.8766 6.8131 6.9745 6.8953 7.3277
Img 4 7.0535 6.9670  6.8570  6.8859  6.7813 6.5858 6.8968 7.1750 6.8662 7.3797
MG Img 1 3.0475 3.0168  2.2450 1.8258 25076 1.8915 1.7213 2.6036 2.9483 2.5333
Img 2 44226 42808 39696  4.3262  4.7368 2.5705 3.5501 4.2402 4.6658 4.7938
Img 3 29760  2.8248  2.5365 23250  3.7478 2.3401 2.0830 3.2244 3.6167 3.3216
Img 4 4.6270  4.2898 3.6627 39604  4.2811 2.6069 29144 4.4677 4.4814 5.2256
SF Img 1 7.1119  7.0532 52430 4.6424  6.3809 43924 4.0784 5.8936 6.6952 5.9644
Img2 112139 11.0484 89492  9.6821 11.5608 5.7327 7.8452 9.4811 102115 11.7453
Img 3 7.9201 7.6780  5.8432  6.0149  8.8624 5.1718 45104 7.2417 7.8375 7.796 8
Img 4 9.8239  9.1511 7.5521 8.4333 9.7530 5.2895 59182 9.0139 9.0211 10.8283
EI Img1 32.8634 325167 23.9207 19.5275 26.3026 20.6171 18.8558 28.0324 31.9833  26.9535
Img2 472782 45.6847 427457 46.7484 50.3630 27.9883 38.5317 453338 50.6896  51.6590
Img3 317773 30.0927 26.8156 249121 39.7449 252312 22.5273 34.0047 387299  34.9828
Img4 49.7003 45.8882 39.2003 42.5217 44.7360 28.3632 31.6111 47.8448 48.6068 56.1800
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Fig. 8 Folded-line stacking diagram of evaluation indexes of different methods
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