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Abstract 

Cloud and cloud shadow detection is one of the most important preprocessing steps for 
the precise application of optical remote sensing images. In this paper, we propose a 
deep convolutional neural network based cloud and cloud shadow detection method 
named Multi-scale Attention Guidance Network (MAGNet) for GF-1 WFV remote sensing 
images. In the architecture of MAGNet, the encoder-decoder path, which captures global 
and local context information by densifying features with Recursive Residual modules 
and Decoder modules, is used to obtain high-level and multi-scale semantic information. 
Further, we propose a novel attention guidance (AG) module and atrous spatial pyramid 
pooling module (ASPP) to capture richer multi-scale contextual dependencies and multi-
scale features without losing information, respectively. In addition, compared to other 
state-of-the-art methods our method shows better detection performance, increasing 
the accuracy of cloud and cloud shadow detection. This proves the efficiency of our 
method to achieve accurate and dependable automatic cloud and cloud shadow 
detection in remote sensing images. 
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1. Introduction 

Cloud pollution prevents optical satellites from obtaining radiation information from the earth's 

surface and seriously affects the interpretation of ground targets and the quantitative inversion of land, 

ocean, and atmospheric parameters. It has become one of the most important obstacles in the 

application of optical remote sensing images [1]. The research shows that the annual average cloud 

amount of global remote sensing images is about 66%, which directly affects the quality of remote 

sensing images [2]. Cloud and cloud shadow detection has become the premise and basic step of 

remote sensing image analysis. 

Early cloud detection methods were mainly based on the spectral features of pixels and combined 

with a threshold to determine cloud pixels [3]. The spectral features of pixels are usually obtained by 

analyzing a large number of artificial samples. The threshold method only uses low-level spectral 

information and ignores more high-level spatial information, which is prone to false detection [4]. In 

addition, it is difficult to detect cloud from some high albedo objects (such as snow and white 
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buildings) by using spectral features [5]. These factors determine the complexity and arduousness of 

cloud and cloud shadow detection in optical remote sensing images. 

Recently, the deep convolutional neural network has achieved state-of-the-art performance in a series 

of semantic segmentation tasks, becoming very prevalent owing to the mighty, nonlinear features 

extraction capability. Krammer et al. [6] used the full convolution neural network method for cloud 

detection. For cloud shadow detection, Chai et al. [7] used an adaptive SegNet to detect cloud shadow 

in Landsat remote sensing images. Xu et al. [8] used Depth Residual Network to detect cloud and 

cloud shadow in remote sensing images. It is a pity that these methods missed many cloud details, 

and it is difficult to detect the cloud shadow boundaries. 

In this paper, we propose a deep convolutional neural network based Multi-scale Attention Guidance 

Network (MAGNet) to solve the above problems. Our main contributions are summarized in three 

aspects as follows: 

● A Recursive Residual module is designed to obtain high-level and multi-scale semantic 

information, which can effectively reduce the network parameters. 

● A novel attention guidance (AG) module is proposed to capture richer multi-scale contextual 

dependencies. 

● An atrous spatial pyramid pooling (ASPP) module is introduced to capture multi-scale features 

without losing information. 

The remaining of this article proceeds as follows. In Section 2, we introduce the proposed MAGNet 

method. Experiment settings and results are demonstrated in Section 3. Finally, Section 4 concludes 

our work. 

2. Proposed Method 

2.1 Model Architecture 
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Figure 1. Overview of the proposed MAGNet 
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Figure 1 shows an overview of our proposed Multi-scale Attention Guidance Network (MAGNet) for 

cloud and cloud shadow detection in GF-1 WFV remote sensing images. Our MAGNet consists of 

an encoder-decoder path and attention guidance architecture. The encoder-decoder path captures 

global and local context information by densifying features with recursive residual modules and 
decoder modules, is used to obtain high-level and multi-scale semantic information. This is followed 

by an attention guidance architecture that utilizes multiple attention guidance (AG) modules to 

capture richer multi-scale contextual dependencies. The atrous spatial pyramid pooling (ASPP) 

module is placed at the end of the encoder path to capture multi-scale features without losing 

information. 

2.2 Recursive Residual module 

Figure 2. (a) illustrates the architecture of our proposed Recursive Residual module. Each Recursive 

Residual module contains three Recursive Residual units, as shown in Figure 2. (b). The Recursive 

Residual unit is composed of a convolutional layer, batch normalization layer, and Leaky ReLU 

activation function. In order to fuse the low-level features with the high-level features, each Recursive 

Residual unit is connected with the first convolutional layer by skip-connection to reduce the 

difficulty of model training.  

The output of the Recursive Residual unit is generated by: 

 1 0,t tP F P P  ,                              (1) 

where 01,2,3 ,Tt   , 0T  denotes the number of the Recursive Residual units; 1tP -  and tP  denote 

the input and the output of the tht  Recursive Residual unit, respectively; 0P  denotes the output of 

the first convolutional layer in the Recursive Residual module;  F  denotes residual function; 

 1,tF P   denotes the learned residual mapping; and   is the weights. 
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Figure 2. Illustration of the Recursive Residual module and Recursive Residual unit  

(a) Recursive Residual module; (b) Recursive Residual unit 
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2.3 Attention Guidance module 

The goal of our proposed attention guidance (AG) module is to capture richer multi-scale contextual 

dependencies. We hope that these AG modules increase the richness of the multi-scale features 

learned by the encoder-decoder path. Figure 3 shows the architecture of our proposed attention 

guidance module. 

The output of the attention guidance module at the thi stage has the following functional form: 

 ,F G O O O  
i i i i

,                             (2) 

where   denotes the parameters of the convolutional layers weights in the module; iO and iF  

denote the input and the output attention features at the thi stage, respectively; and   is element-

wise multiplication. 
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Figure 3. Illustration of the Attention Guidance (AG) module 

2.4 Atrous Spatial Pyramid Pooling module 

We design an atrous spatial pyramid pooling (ASPP) module, as shown in Figure 4. This module 
obtains more comprehensive context information by gradually increasing the dilation rate. Then, the 

capability of detail features extraction is enhanced by reducing the dilation rate. This module consists 

of five independent branches, of which three dilated convolution branches are composed of four 

dilated convolutional layers with different dilation rates (2, 4, 6, 3), (4, 6, 7, 3), (3, 4, 7, 6). The 

pooling branch consists of an average pooling layer, 1×1 convolution, and upsample layer. Finally, 

we fuse the outputs of the five branches.  
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Figure 4. Illustration of the Atrous Spatial Pyramid Pooling (ASPP) module 
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3. Experiments and Results 

3.1 Implementation and Training 

We implemented our MAGNet in Keras and optimized it using Adam optimizer with a decay rate of 

0.9 and 0.999. We utilized an initial learning rate of 0.0003 with a batch size of 8. When the epoch 

was about 136 times, the loss function converges. The loss function  L   we used as shown in Eq. 

(3), where N  is the number of training samples,   is an optimal parameter. We compared the 

performance of our MAGNet to other state-of-the-art methods: K-means [9], FCN-8s [10], MSegNet 

[11], DeepLab V3+ [12], and MUNet [13]. We trained all methods on an NVIDIA GeForce RTX 

2080Ti (11G) GPU.  

    2
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  .                       (3) 

3.2 Dataset 

In this paper, experiments are conducted on a set of GF-1 WFV remote sensing images. We used data 

augmentation operations to expand the dataset to 14040 images (256×256 pixels). We selected 80% 
of the images as the training set, and the remaining was used as the testing set. Some of the images 

in different underlying surface types as shown in Figure 5. The data augmentation operations as 

shown in Figure 6. 

WaterWetlands UrbanVegetationBarren Ice / Snow

 

Figure 5. Experimental data in different underlying surface types 

 

 

Original Image Flip Vertical Flip Horizontal Flip Horizontal and Vertical

Brightness Transform Noise Addition Saturation Transform Color Transform

 

Figure 6. Data augmentation operations 

3.3 Evaluation Criteria 

To quantitatively compare detection results on the testing set, we used five evaluation criteria: 

accuracy, precision, recall, F1-score, and mean intersection over union (mIoU). The five evaluation 

criteria were calculated by: 
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TN +TP
Accuracy =

TN +TP+ FP+ FN
,                          (4) 

TP
Precision =

TP FP
,                              (5) 

TP
Recall

TP FN
= ,                               (6) 
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,                            (7) 

TP
mIoU

TP TN FN


 
,                            (8) 

Where TP and TN denote a correct prediction; and FP and FN denote an incorrect prediction in which 

the detected result is the clear sky or cloud/cloud shadow, respectively. 

3.4 Cloud Detection Results 

1) Qualitative Comparison: To visualize the cloud detection results, Figure 7 displays the detection 

results of the different methods. Figure 7 . (a), (b), (c), (d), (e), and (f) show the ice scene, sea scene, 

the small piece of cloud, hick and in large scale cloud, thin cloud, and sea-land scene, respectively. 

Our method is visually superior to other methods. 

(a)

(b)

(c)

(d)

(e)

(f)

Original Image Ground TruthMAGNetK-means MSegNet FCN-8s DeepLab V3+ MUNet

 

Figure 7. Visual comparison of different methods on cloud detection 
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2) Quantitative Comparison: The experimental results obtained by several state-of-the-art cloud 

detection methods are shown in Table 1. Our method achieves 96.95% accuracy, 94.05% precision, 

92.97% recall, and 0.8862 mIoU. 

Table 1. Criteria of different methods on cloud detection 

Method  Accuracy / %  Precision / % Recall / % F1 mIoU 

K-means  

MSegNet  

FCN-8s 

DeepLab V3+ 

MUNet 

MAGNet 

86.74 

90.35 

92.43 

96.01 

96.83 

96.95 

84.23 

89.97 

91.44 

93.54 

94.39 

94.05 

83.09 

86.14 

88.36 

89.77 

91.64 

92.97 

0.8366 

0.8801 

0.8987 

0.9162 

0.9299 

0.9351 

0.7265 

0.7898 

0.8193 

0.8504 

0.8726 

0.8862 

3.5 Cloud Shadow Detection Results 

1) Qualitative Comparison: To visualize the cloud shadow detection results, Figure 8 displays the 

detection results of our method and the MUNet method. Our method is visually superior to the MUNet 

method. 

MUNetOriginal Image MAGNet Ground Truth

 

Figure 8. Visual comparison of different methods on cloud shadow detection 

2) Quantitative Comparison: The experimental results obtained by our method and the MUNet 

method are shown in Table 2. Our method achieves 95.06% accuracy, 83.31% precision, 80.07% 

recall, and 0.7088 mIoU. 

Table 2. Criteria of different methods on cloud shadow detection 

Method  Accuracy / %  Precision / %   Recall / % F1 mIoU 

MUNet 

MAGNet 

92.81 

95.06 

77.69 

83.31 

75.53 

80.07 

0.7659 

0.8166 

0.6430 

0.7088 

4. Conclusion 

In this work, we propose a novel deep convolutional neural network based cloud and cloud shadow 

detection method named Multi-scale Attention Guidance Network (MAGNet) for GF-1 WFV remote 
sensing images, which focuses on achieving automatic and accurate cloud and cloud shadow 

detection. The proposed MAGNet uses the Recursive Residual module as the feature extractor to 

obtain high-level and multi-scale semantic information. Further, we propose a novel attention 

guidance (AG) module and atrous spatial pyramid pooling module (ASPP) to capture richer multi-

scale contextual dependencies and multi-scale features without losing information, respectively. 

Experimental results showed that the proposed MAGNet outperformed the competing methods both 

quantitative and qualitatively. This proves the efficiency of our method to achieve accurate and 

dependable automatic cloud and cloud shadow detection in remote sensing images. 
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