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Fig. 1 Network structure used in the proposed method
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Table 2 Quantitative evaluation of the results of neighboring interpolation
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Fig. 7 Experimental result from the Bayanchagan dataset
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Table 3 Quantitative results of Bayanchagan dataset

W RS 22 FSDAF STFDCNN  SS-CNN
BB 0.0150 0.0156 0.0127
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B3 0.0277 0.0403 0.0194
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Bt 6 0.0386 0.0804 0.0383
B 0.8475 0.8363 0.8860
W2 0.7960 0.6977 0.8754
W B3 0.7481 0.6144 0.8666
SSIM
B4 0.7486 0.5666 0.8608
MBS 0.8360 0.7019 0.8645
6 0.8737 0.6497 0.8747
ERGAS 1.2787 2.0656 1.0377
SAM 0.1143 0.2742 0.1030
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Table 4 Quantitative results of Tianjin dataset

W bR B FSDAF STFDCNN SS-CNN
B 0.0057 0.0079 0.0057
W2 0.0070 0.0433 0.0065
W B3 0.0099 0.0385 0.0097
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B4 0.0159 0.0204 0.0137
MBS 0.0156 0.0235 0.0180
W6 0.0148 0.0189 0.0153
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B2 0.9586 0.3741 0.9617
W3 0.9242 0.4486 0.9293
SSIM
PB4 0.8539 0.7736 0.8807
MBS 0.8781 0.7607 0.8395
WBL6 0.8827 0.8257 0.8738
ERGAS 0.8250 23149 0.8221
SAM 0.0919 0.1619 0.0756
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Fig. 9 Experimental result from the BOREAS dataset

%5 BOREASHIE&E LI RIFMISHR
Table 5 Quantitative results of BOREAS dataset

WA R bR B FSDAF STFDCNN ~ SS-CNN

W1 0.0058 0.0141 0.0061

RMSE P2 0.0086 0.0233 0.0081
B3 0.0272 0.0351 0.0271

B 1 0.9711 0.9168 0.9684

SSIM B2 0.9421 0.7419 0.9471
B3 0.8882 0.8205 0.8848
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SAM 0.0543 0.1107 0.0518
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Convolutional neural network based single image pair method for
spatiotemporal fusion

LI Yunfei',LI Jun',HE Lin?

1. Guangdong Provincial Key Laboratory of Urbanization and Geo-simulation, School of Geography and Planning,
Sun Yat-sen University, Guangzhou 510275, China;
2. School of Automation Science and Engineering, South China University of Technology, Guangzhou 510640, China

Abstract: Spatiotemporal fusion is a feasible way to provide synthetic satellite images with high spatial and high temporal resolution
simultaneously. In recent years, some efficient STF methods based on Convolutional Neural Networks (CNNs) have been developed.
However, these methods require a significant number of training image pairs, where each pair generally consists of a high spatial resolution
image and a low spatial resolution image. Such a requirement limits the applicability of STF methods to actual scenarios because image
pairs for training are not widely available in many cases. To overcome this important limitation, we introduce a CNN-based single image
pair method for STF of remotely sensed images. Our method, called SS-CNN, uses the spatial information provided by the average image
(obtained across available spectral bands) of the high spatial resolution image to perform CNN-based Super-Resolution Mapping (SRM)
between the low and high spatial resolution images. The proposed SS-CNN has been tested in experiments using two simulated and one real
dataset and compared with two commonly used spatiotemporal fusion methods. The experimental results show that SS-CNN can predict the
phenological changes and land cover changes well. Plus, its performance in heterogeneous areas is remarkable. The disadvantage is that it
will slightly blur the boundary, which needs to be further improved in the future.

Key words: remote sensing, spatio-temporal fusion, remote sensing images, single image pair, Convolutional Neural Networks (CNN)
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