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Polarization image fusion based on dual attention mechanism
for generating adversarial networks

Chen Guangqiu Yin Wenqing Wen Qizhang Zhang Chenjie Duan Jin

(School of Electronics and Information Engineering, Changchun University of Science and Technology, Changchun 130022, China)

Abstract: Aiming at the problem that a single intensity image lacks polarization information and cannot provide sufficient scene
information under bad weather conditions, this paper proposes a dual-attention mechanism to generate an adversarial network for fusion of
intensity and polarization images. The algorithmic network consists of a generator containing an encoder, a fusion module and a decoder
and a discriminator. First, the source image is fed into the encoder of the generator, after a convolutional layer and dense block for
feature extraction, then feature fusion is performed in the texture enhancement fusion module containing the attention mechanism and
finally the fused image is obtained by the decoder. The discriminator is mainly composed of two convolutional modules and two attention
modules, and the generator network parameters are iteratively optimised by constant gaming during the network training process, so that
the generator outputs a high-quality fused image that retains the sparse features of the polarimetric image without losing the intensity
image information. Experiments show that the fused images obtained by this method are subjectively richer in texture information and
more in line with the visual perception of the human eye, and that the SD is improved by about 18. 5% and the VIF by about 22. 4% in
the objective evaluation index.
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Table 1 Objective evaluation of fusion results of different fusion methods
EN SD MSE PSNR MI VIF
6.798 34. 063 0.015 66. 130 1.270 0. 502
VT 7.081 40. 403 0. 028 63. 665 2.245 0. 549
6.976 36.263 0.016 64. 161 1.208 0. 435
CTF 7.080 43.565 0. 044 63. 446 2.829 0.372
6. 624 34.919 0. 024 66. 209 1.553 0. 633
kP 6. 053 42.265 0. 028 60. 377 2.602 0.561
IFCNN 6.731 33.684 0. 025 63. 186 1. 458 0.482
7.2854 46.479 0.028 63. 602 3.174 0. 606
Fusion-GAN 6.755 33. 145 0.016 66. 924 1.397 0.235
6.993 54. 305 0. 059 60. 377 2.937 0.312
6. 647 27.056 0.031 63. 187 2.547 0. 505
Dense-fuse
6. 681 32.392 0.024 64.303 3. 496 0.557
6. 891 30. 070 0.013 65.591 1. 637 0.321
Phnet 7.022 40.335 0.027 63.783 1,647 0.495
Ours 7.234 39.873 0.010 73. 385 3.358 0.750
7.909 60. 306 0.019 67.611 3.704 0. 645
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Table 2 Average quantitative objective evaluation of fusion results of different fusion methods

EN SD MSE PSNR MI VIF

CVT 6. 944 36. 891 0. 030 64.011 1. 529 0.517

RP 7.101 43.195 0.351 62. 943 1.712 0. 567
GTF 6.707 30.723 0. 051 61.716 1.578 0.463
IFCNN 6. 966 42.013 0.032 63.916 1.838 0.519
FusionGAN 6. 985 30. 748 0.072 61.483 1. 647 0.322
DenseFusion 6.597 29.743 0. 043 64. 540 2. 065 0.552
PFnet 6.917 37.12 0.031 63.619 2.079 0.443
Ours 7. 886 51. 186 0. 027 68. 162 2. 842 0. 694
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Fig. 10 10 pairs of polarization image evaluation metrics
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Fig. 11 Results of ablation experiments
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Table 3 Evaluation indicators for ablation experiments

EN sD MSE PSNR M VIF
w/o G(Ch) 5. 144 29.790 0.041 60. 628 2.429 0.416
w/o G(SP) 6. 101 30. 142 0.032 62. 245 2.597 0. 607
w/0 G(AGR) 4.764 25.323 0. 056 51.946 1.678 0.475
w/o D(Att) 5. 986 22.958 0.054 50. 887 1.869 0.419
w/o D(SP) 6. 054 32.246 0.022 61.532 2.667 0.612
w/o D(Ch) 6. 582 32.843 0.019 64. 540 2.756 0.632
w/o D(Att) 5.427 27.126 0.031 58.879 2,289 0. 549
Ours 6. 610 35.618 0.015 65.714 2.996 0. 667
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