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A Relativistic Average Generative Adversarial Network for Pan-Sharpening

CHEN Ting, WANG Songtao, GAO Tao, LIU Mengni, CHEN Youjing

(School of Information Engineering, Chang’an University, Xi’an 710000, China)

Abstract: A relativistic average generative adversarial network for pan-sharpening (Pan-RaGAN)
based on a deep learning algorithm is proposed to solve the problems that details of fusion result
are easy to be lost due to insufficient feature extraction from original image in the pan-sharpening
process and information redundancy is caused by ignoring spatial feature difference of different
regions in image fusion process. Firstly, the improved dense block structure is utilized to extract
the features of the original image in the generator, so as to make full use of the features from
different layers of the original image and obtain better fusion results with more details. Secondly,
a feature refinement module based on spatial attention mechanism is proposed for feature
selection, which can make a better trade-off between retaining effective high-frequency
information and eliminating redundant information. Furthermore, the image reconstruction
module is utilized to fuse the refined features with the up-sampled low resolution multispectral
images to preserve the spectral information. Finally, the relativistic average discriminator is
utilized to improve the loss function of the network, and further optimize the fusion effect.

Experimental results on Gao Fen-2 dataset and Quick Bird dataset and a comparison with the
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existing generative adversarial network for remote sensing image pan-sharpening show that the

spectral angle mapper index of the proposed Pan-RaGAN network is reduced by 0.075 on

average, which verifies the effectiveness of the proposed Pan-RaGAN network.

Keywords: pan-sharpening; image fusion; relativistic average generative adversarial network;

spatial attention mechanism; deep learning
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Fig. 2 Architecture of spatial attention unit
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Table 1 Quantitative comparison of different algorithms on GF-2 dataset
1853 BT 46 Ev E S EL o
RS
r T Z ] A D, D,
SFIM 1.726 0 0.871 1 0.948 6 2.934 6 0.970 9 0.976 1 0.013 8 0.010 3
IHS 1. 695 5 0.847 0 0.937 4 2.924 2 0.971 6 0.9310 0.018 3 0.051 6
Wavelet 1.742 7 0.862 3 0.956 1 2.874 9 0.971 8 0.972 3 0.021 6 0.006 2
RED-cGAN 0.739 3 0.992 1 0.993 1 0.672 9 0.998 5 0.984 3 0.012 3 0.003 4
PSGAN 0.740 3 0.992 2 0.993 0 0.671 9 0.998 5 0.982 7 0.012 6 0.004 8
AR SCA B 0.665 3 0.993 6 0.994 5 0.589 6 0.998 8 0.987 5 0.001 9 0.010 6
FHANE 0 1. 000 0 1. 000 0 0 1. 000 0 1. 000 0 0 0
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