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Fig.1 Classification of pansharpening based on deep learning
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Tab.3 Comparison of pansharpening methods
Rk Q SAM  ERGAS  SCC Qy ONR

GS 0.8168 6.7111 4.5806 0.8273 0.8207 0.867 7
BDSD 0.8538 8.0818 4.7332 0.8307 0.8583 0.896 5
GLP 0.8669 6.4322 4.1250 0.8499 0.8721 0.800 4
PNN 0.9311 5.0890 2.9798 0.9306 0.9295 0.913 0
PanNet  0.9382 4.8479 2.8517 0.9351 0.9359 0.9290
DCCNP  0.9351 5.0763 2.9515 0.9358 0.9336 0.9152
RSIFNN  0.9347 5.1323 2.9173 0.9301 0.9334 0.928 8
TFNet 0.9416 4.6137 2.7743 0.9431 0.9399 0.918 6
MSDCNN 0.9351 4.9399 2.8919 0.9363 0.9332 0.9287
NLRNet 0.9433 4.3602 2.9296 0.9483 0.9399 0.9433
MDCNN 0.9416 4.3655 2.7063 0.9479 0.9401 0.948 8
SDS 0.9483 4.3481 2.5969 0.9517 0.9464 0.9556
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Tab.4 Performance comparison of different loss function
il 5 1o 2% ESi ik R Q SAM ERGAS sce Qy QNR
MSE 0.9311 5.0890 2.979 8 0.930 6 0.929 5 0.913 0
MAE 0.929 1 5.1336 3.0337 0.928 7 0.927 6 0.895 6
ENEEES SSIM 0.821 6 15.413 1 9.500 0 0.923 6 0.6757 0.814 5
MSE + SSIM 0.938 1 5.1311 2.984 0 0.9310 0.934 6 0.9329
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MSE + SAM 0.878 7 5.088 3 3.594 5 0.916 6 0.877 6 0.867 1
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MSE + SAM + SSIM 0.9377 5.0150 2.97717 0.931 4 0.933 9 0.928 2
MAE + SAM + SSIM 0.934 1 5.146 0 3.020 2 0.9255 0.9315 0.923 4
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A review of pansharpening methods based on deep learning

HU Jianwen, WANG Zeping, HU Pei
(School of Electrical and Information Engineering, Changsha University of Science and Technology, Changsha 410114, China)

Abstract; With the fast development and wide application of remote sensing technology, remote sensing images
with higher quality are needed. However, it is difficult to directly acquire high — resolution, multispectral remote
sensing images. To obtain high — quality images by integrating the information from different imaging sensors,
pansharpening technology emerged. Pansharpening is an effective method used to obtain multispectral images with
high spatial resolution. Many scholars have studied this method and obtained fruitful achievements. In recent years,
deep learning theory has developed rapidly and has been widely applied in pansharpening. This study aims to
systematically introduce the progress in pansharpening and promote its development. To this end, this study first
introduced the traditional, classical pansharpening methods, followed by commonly used remote sensing satellites.
Then, this study elaborated on the pansharpening methods based on deep learning from the perspective of
supervised learning, unsupervised learning, and semi — supervised learning. After that, it described and analyzed
loss functions. To demonstrate the superiority of the pansharpening methods based on deep learning and analyze the
effects of loss functions, this study conducted remote sensing image fusion experiments. Finally, this study
presented the future prospects of the pansharpening methods based on deep learning.

Keywords: remote sensing image ; pansharpening; deep learning; convolutional neural network
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