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A cloud detection method for MODIS based on multiscale attention
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Abstract : The investigation into cloud detection algorithms holds significant potential for applications in disaster pre-
diction , meteorological research ,and beyond. The focus of this research endeavor lies in the development of a cloud de-
tection algorithm tailored for MODIS imagery, leveraging the power of deep learning’s semantic segmentation tech-
niques to enhance the accuracy of cloud detection from MODIS data. This study introduces a novel deep learning mod-
el, which integrates the strengths of U-Net, block self-attention mechanisms, and multi-scale network modules, to a-
chieve a more precise differentiation between cloud and non-cloud regions in remote sensing images. Building upon the
robust foundation of the U-Net architecture, our model incorporates attention modules and multi-scale network ele-
ments. These enhancements are specifically designed to bolster the model’s capability in identifying subtle features of
cumulus humilis and fractocumulus clouds , addressing the limitations of traditional cloud detection algorithms in detec-
ting thinner cloud layers. The attention mechanism employed in this work harmoniously combines block self-attention
and multi-scale channel attention. The former enhances the model’s sensitivity to global contextual information , thereby
mitigating the challenge of poor detection in thin cloud layers. The latter, by extracting channel-wise relevant features,

complements the detection of smaller cloud formations that might otherwise be overlooked. In the experimental phase,
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we meticulously detail the dataset utilized ,including near-infrared spectral bands among other carefully selected data

channels. The evaluation results showcase the model’s remarkable performance, with precision and recall rates of

88.58 % and 94. 80 % respectively for cloud detection. These findings conclusively demonstrate the effectiveness of

our designed deep learning model in accurately detecting clouds from MODIS imagery, underscoring its promising ap-

plications in advancing the field of remote sensing and related meteorological endeavors.

Keywords : cloud detection; MODSI ;deep learning; semantic segmentation ; attention mechanism ; multiscale network
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Fig. 1 The overall framework of the cloud detection model

for remote sensing images based on semantic segmentation
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Tab. 1 MODSI dataset paremeters

MODSI band |MODIS wave length/ um usage
1 0.62 ~0.67 Chlorophyll uptake by vegetation
3 0.459 ~0.479 Soil vegetation difference
4 0. 545 ~0. 565 Green vegetation difference
18 0.931 ~0.941 Cloud , atmospheric properties
20 3.66 ~3.84 Ocean surface temperature
23 4.02 ~4.08 Clouds, surface temperatures
28 7.175 ~7.475 Mid-tropospheric humidity
29 8.4~8.7 Surface temperature
31 10.78 ~11.28 Clouds, surface temperature
32 11.77 ~12.27 Cloud height, surface temperature

%2 ERFE

Tab. 2 Experimental platform

0S CPU Memory GPU

Intel 19 DDRS5 4800 MHz
12900KF 32 GB

NVIDIA GeForce

Windows 10 RTX 3090

WZRESEINE 3 Fin .
)3 INHEBEK

Tab. 3 Training hyperparameter

Hyperparameter Value
learning rate 0. 0001
batch size 8
dataloader 2
image size 512
loss CE loss
learning rate scheduler poly
epoch 100
momentum 0.9
weight decay 5.00 x10 ~*
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Tab. 4 Ablation results( unit:% )
Model JaccardIndex Precision Recall F1-score OverallAccuracy MIoU
U-Net 85.27 87.70 90. 26 88. 96 91.37 86.53
Attention-UNet 85. 68 88.35 91. 66 89.97 92.34 86. 82
MS-UNet 85.79 88. 16 92.45 90. 25 92.76 86. 94
MSA-UNet 86. 06 88.58 94. 80 91.58 93.23 87.22
£S5 MUERSR(EML:%)
Tab.5 Contrast results(unit:% )
Model JaccardIndex Precision Recall F1-score OverallAccuracy MloU
U-Net 85.27 87.70 90. 26 88. 96 91.37 86.53
FCN 83.20 87.28 86.70 86. 99 90. 28 84.35
DeepLap 84.70 88. 69 92.79 90. 69 92. 84 87.08
MSA-UNet 86. 06 88.58 94. 80 91.58 93.23 87.22
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Fig. 5 Heat map
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