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Abstract: Objectives: Due to the differences in spectral range, imaging conditions and imaging time of re-
mote sensing sensors, there are usually color and spectral differences between remote sensing images ob-
tained by different sensors. Therefore, it is difficult to directly apply the model pretrained with open—source
datasets for the cloud detection task on current target images. Methods: A domain adaptive cloud detection
algorithm 1s proposed, which realizes the spectral mapping between the target remote sensing images and
the images of existing training datasets, and improves the generalization ability and robustness of the pre-
trained deep learning cloud detection model in practical applications. Specifically, the domain adaptation
based cloud detection framework uses a convolutional neural network based cloud detection model as the
prediction algorithm, and CycleGAN as the spectral domain transfer between images in the source domain
and the target domain. Results: The cross—domain experiments among Gaofen-2, land satellite (Landsat)
7, Landsat 8 have proved the effectiveness and advance of the proposed method. (1) When the test dataset
and training dataset are obtained from the same sensor, deep learning—based cloud detection algorithms ob-

tain better results than the traditional cloud detection algorithms. (2) When cloud detection models trained
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on images from the source dataset are directly used to detect test images of the target dataset, the accuracy

decreases obviously. (3) When the test images are pre—transformed by the introduced domain transfer algo-

rithm, the accuracy of the cloud detection results is significantly improved and much better than the tradi-

tional methods. In addition, we discovered that when the spectral range of source training images covers the

spectral range of test images, the accuracy of the cloud detection results decreases only slightly, but in the

opposite case, the accuracy of the cloud detection results decreases significantly. Conclusions: Domain

transfer can map images between the test dataset and the training dataset at the pixel level, so that the distri-

butions of them are similar both in spectral and spatial space. By introducing domain adaptation, the deep

learning—based cloud detection method can make full use of the pre—trained models from existing datasets,

which greatly reduces the demand on preparation of target labels.

Key words: cloud detection; domain adaptation; cross—domain transfer; model generalization ability
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Fig.1 A Cloud Detection Framework Based on Domain Adaptive Algorithm
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Fig. 2 CycleGAN-Based Domain Adaptive Algorithm for Remote Sensing Images
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Table 2 Quantitative Evaluation of Cloud Detection
Results on the Landsat 7 Irish Dataset
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Fig. 3 Results for the Landsat 7 Irish Dataset
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Table 3 Quantitative Evaluation of Cloud Detection

Results on the Landsat 8 Biome Dataset

I Bk
Ttk ZIE HEER BREER —
Fmask 4.0 0.8234 0.9619 0.1488 0.9470
U-Net(8-8) 0.8482 0.9698 0.1288  0.958 4
MF _CNN(8-8) 0.8411 0.9875 0.1610 0.9499
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MF _CNN(7-8 ST) 0.8270 0.9204 0.1094  0.9525
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Fig. 4 Bands of Landsat 7, Landsat 8 and GF Images
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Table 4 Quantitative Evaluation of Cloud Detection
Results on GF-WFV Dataset
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Table 5 Quantitative Evaluation of Cloud Detection

Results on the Landsat 7 Dataset
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Table 6 Quantitative Evaluation Results of Different
Algorithms on Landsat 7 Irish Dataset
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