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Spatiotemporal fusion of remote sensing images based on

multi—level feature compensation
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Abstract: A large amount of earth observation data with the high spatial and temporal resolution is
employed in many earth science applications. The spatiotemporal image fusion method provides a
feasible and economical solution for generating high spatiotemporal resolution data. However, some of
the existing learning—based methods are poor in extracting deep image features and utilizing the detail
features of high—-resolution image. A spatiotemporal fusion method is proposed for remote sensing images
based on multi-level feature compensation. It uses two branches to perform multi-level feature
compensation and proposes a residual module fused with a channel attention mechanism as the basic unit
of the network, which can extract and utilize the deep features of high—resolution input images in more
detail. An edge loss is proposed based on the Laplacian operator, which saves the computational cost of
pre—training and achieves a good fusion effect. The proposed method is experimentally evaluated by
using Landsat and Moderate-resolution Imaging Spectroradiometer(MODIS) satellite images collected
from two regions in Shandong and Guangdong. Experimental results show that the proposed method bears
higher quality in both visual appearance and objective metrics.
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Tablel Performance evaluation of different block structures on Shandong dataset

Baseline RA loss SA BN SAM ERGAS cc SSIM
N 5.058 4 6.500 8 0.740 0 0.7777
N N 43751 4778 3 0.745 0 0.788 5
N v 4.403 1 5.856 4 0.742 6 0.784 7
N N 4.4302 5.126 6 0.751 4 0.790 6
N N N 45887 5.782 8 0.745 1 0.789 7
N N N N 43132 43026 0.752 1 0.795 4
reference 0 0 1 1
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Fig.3 Correlation between the predicted and real image NIR bands for each ablation method
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Table2 Average quantitative index on Shandong dataset

method SAM ERGAS CcC SSIM
AMNet 6.5622 7.398 8 0.698 9 0.680 2
DCSTFN 7.5329 13.057 5 0.620 5 0.574 4
EDCSTFN 4.504 4 6.963 5 0.733 8 0.5793
FSDAF 12.748 3 23.090 3 0.444 6 0.487 5
STARFM 14.0353 26.749 2 0.462 4 0.4190
MFCNet 43132 4.302 6 0.7521 0.795 4

reference 0 0 1 1




947

' (i)AMNt B

7

vﬁi | cdif)
() MFCNet

(e) EDCSTFN

Fig.4 Comparison of predicted and actual images in Shandong province
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Fig.5 Comparison of predicted and actual images in Guangdong province
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Table3 Average quantitative index on Guangdong dataset

method SAM ERGAS CC SSIM
AMNet 34732 4.6573 0.9229 09122
DCSTFN 39107 8.624 9 0.904 6 0.8810
EDCSTFN 3.8949 9.409 6 0.903 9 0.880 4
FSDAF 12.748 2 14.785 4 0.444 6 04820
STARFM 14.0353 11.883 2 0.462 4 0.476 0
MFCNet 3.394 8 3.4955 0.9422 0.940 0
reference 0 0 1 1

F4 BRIZHOE AR AR XT L

Table4 Comparison of model parameter quantities and model complexity

method parameters FLOPs(G)
DCSTFN 408 961 150.481
EDCSTFN 762 856 111.994

AMNet 633452 97.973
MFCNet 375284 84.960
reference 0 0
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BEWTZ ST 1 W A USRI TG, SRR T 5 1 07 vk i A3 e
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Fig.6 512x512 residual image on Shandong dataset
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(a) MFCNet (b) AMNET (c) DCSTFN

(d) EDCSTFN (e) FSDAF (f) STARFM

Fig.7 512x512 residual image on Guangdong dataset
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