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Fig.1 Basic structure of the remote sensing image FuseNet
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Fig.2 The structure diagram of adaptive squeeze — and — excitation module
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Fig.3 Comparison of experimental model results
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Fig. 6 Comparison of experimental model results
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Knowledge — based remote sensing image fusion method

KONG Ailing' , ZHANG Chengming', LI Feng’, HAN Yingjuan', SUN Huanying*, DU Manfei*

(1. College of Information Science and Engineering, Shandong Agricultural University, Taian 271018, China; 2. Shandong
Provincal Climate Center, Jinan 250031, China; 3. Key Laboratory for Meteorological Disaster Monitoring and Early
Warning and Risk Management of Characteristic Agriculture in Arid Regions, CMA, Yinchuan 750002,

China; 4. PIESAT Information Technology Co. , Lid. , Beijing 100195, China)

Abstract: The remote sensing image fusion technology can combine multi - source images containing
complementary information to obtain images with richer content and higher spectral quality, thus it is the key and
foundation of remote sensing applications. Aiming at the problems of spectral distortion and spatial structure
distortion that are prone to occur in the process of remote sensing image fusion, the knowledge — based remote
sensing image FuseNet ( RSFuseNet) was constructed based on the attention mechanism and using normalized
difference vegetation index (NDVI) and normalized difference water index ( NDWI) as prior knowledge. Firstly,
considering that the high — pass filtering can fully extract edge texture details, a high — pass filtering module was
constructed to extract high — frequency details of panchromatic images. Secondly, NDVI and NDWI were extracted
from multi — spectral images. Then, an adaptive squeeze — and — excitation ( SE) module was constructed to
recalibrate the input features. Finally, the adaptive SE module was combined with the convolution unit to perform
fusion processing on the input features. The experiment was conducted using Gaofen 6 remote sensing image as the
data source, and selecting Gram — Schmidt ( GS) transformation, principal component analysis (PCA), a deep
network architecture for pan — sharpening (PanNet) , and pansharpening by convolutional neural networks ( PNN)
models as comparative models. The experimental results show that the peak signal to noise ratio ( PSNR) index
(40.5) and the structural similarity (SSIM) index (0.98) of the RSFuseNet model are better than those of
comparative models, indicating that the method in this study has obvious advantages in remote sensing image fu-
sion.

Keywords: image fusion; prior knowledge ; convolutional neural network ; attention mechanism; GF -6
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