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Abstract — Cloud cover fraction computation is an essential application of meteorological satellite images. Current research cannot 
take full advantage of the characteristics and optical parameters of the satellite cloud image, and the cloud detection and cloud 
fraction are ineffective. In order to solve this problem, this paper uses deep extreme learning machine to detect and classify the 
cloud in a satellite image, and divides them into thick cloud, thin cloud and clear sky. Then we use spatial correlation method to 
calculate the total cloud fraction. The results show that the deep extreme learning machine can extract features of cloud images 
effectively, and can distinguish the boundary between thick cloud and thin cloud well. The cloud classification and cloud fraction 
accuracy of deep extreme learning machine is better than traditional threshold method, extreme learning machine and 
convolutional neural network. 
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Ⅰ.INTRODUCTION 
 
Cloud covers more than 50% surface of the earth, and it 

is one of the important meteorological and climatic factors. 
In order to obtain an accurate distribution of cloudiness, 
firstly we should detect and classify clouds on satellite 
image and then calculate the clouds fraction on the basis of 
clouds classification. Currently, the international satellite 
cloud image calculation methods include ISCCP [1], 
CLAVR [2] and APOLLO [3,4], etc. ISCCP algorithm 
assumes that the value of the observed radiation is from 
only one of the two clouds and skies. When we compare 
pixel observation radiation and clear sky radiance values, if 
the difference between the two is greater than the maximum 
amplitude change of clear sky radiation itself, and it 
determined that the pixel is a cloud. CLAVR algorithm uses 
2x2 matrix blocks as a detection unit, when four pixels 
through the cloud are not detected, we can judge the Matrix 
cloudless, when all pass the detection, judged it is cloud, 
otherwise considered it to be hybrid cloud. For the hybrid 
matrix, if there are clear skies and clouds co-existing matrix 
to meet other ice or snow and clear sky decision condition, 
the matrix is re-convicted to clear sky. POLLO algorithm 
uses “Logic and” form, that is only when the pixel meets all 
threshold detection conditions, the pixel is clear sky. 
Otherwise, the pixel is cloud. In addition, there are other 
methods, such as MODIS [5], NIR/VIS [6].Cloud fraction 
computing methods described above can be divided into 
two categories; First, through the clouds pixels in the region 
than total pixels to compute the cloud [7,8]; second, by the 
amount of radiation than the pixel reflectance of cloud 
fraction computing equivalent [9,10].The first method is 
convenient, but since you can’t analyze sub-pixel cloud, 
cloud fraction computing will cause high results; the second 
method solves the problem of sub-pixel cloud to some 
extent, but in some cases it is still not applicable, such as 
the region has multilayer cloud or the type of surface 
changes dramatically, etc. Cloud detection is the foundation 
of cloud fraction computing, therefore, in order to improve 
the accuracy of cloud fraction computing, we must first to 
obtain a better cloud detection results. 

Current cloud detection technologies can be divided into 
two categories: threshold method and cluster analysis 
method. Threshold method [11, 12] mainly adopts infrared 
temperature threshold, visible threshold, etc., but because 
satellite images are very complex, with a fixed global 
threshold for image detection will produce relatively large 
errors. Cluster analysis [13,14] mainly includes histogram 
clustering, adaptive threshold clustering, dynamic clustering 
threshold, etc., but the cloud category usually has a lot of 
features, at this stage, the research mainly focuses on one 
characteristic of cloud, and it’s not effective to extract 
useful information on cloud images. Therefore, the effect of 
the above cloud detection method is not very good. In 
addition, cloud detection method based on machine learning 
has been widely used, including support vector machines 
[15], K-Nearest Neighbor [16], fuzzy strategies [17] as well 
as neural networks [18], wherein the detection accuracy of 
neural networks is better than other methods, but there are 
also some shortcomings, main problem is not full use of 
cloud features, and can’t extract enough effective 
information. In recent years, deep learning [19] has 
developed rapidly, including the deep extreme learning 
machine developed from the traditional Extreme Learning 
Machine [20], which in many application areas has shown 
strong adaptability and robustness, and high speed in 
learning. Deep extreme learning machine as a special 
designed multilayer perceptron with multiple hidden layers, 
it can fully extract effective features for classifying clouds. 

After analyzing the problems existing in many cloud 
fraction computing methods, this paper use the optimized 
deep extreme learning machine to detect clouds in satellite 
image. On the basis of the detection result of the cloud, we 
use “Spatial Correlation Method” to calculate the total 
cloud fraction. Experimental results show that, compared 
with the traditional threshold method, traditional extreme 
learning machine and convolutional neural network, the 
D-ELM method in this paper is better, and more suitable for 
the research of cloud fraction computing of satellite image. 
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Ⅱ.CLOUD DETECTION MODEL AND OPTIMIZATION BASED 

ON DEEP EXTREME LEARNING MACHINE 

This paper usesHJ-1A/1Bsatellite image as experimental 

data. HJ-1A/1Bare small satellites which are used mainly 

for environment and disaster monitoring and forecasting ,in 

these two satellites, HJ-1A satellite is equipped with CCD 

cameras and hyper spectral imager, HJ-1B satellite is also 

equipped with a CCD camera and an infrared camera. 

The samples used in this paper are all from the 

collection of atmospheric expert. Training samples include 

thick clouds, thin clouds and clear skies and each category 

has 3000 samples, testing samples include thick clouds, thin 

clouds and clear skies and each category has1000 samples. 

Each sample is a 28x28 pixel size image. We realize cloud 

detection of the whole satellite images on the basis of the 

trained deep Extreme Learning Machine. The input image 

size of deep extreme learning machine must be same. All 

satellite images are divided into numerous28x28 pixel 

images, as the input of deep extreme learning machine. 

Extreme Learning Machine (ELM) algorithm is 

proposed for solving the single hidden layer neural network 

by Huang. For the traditional neural network, especially the 

first single hidden layer feedforward neural network, the 

most obvious feature of the ELM is the ability to ensure the 

accuracy of learning, and is faster than traditional learning 

algorithm. 

ELM is a new fast learning algorithm, for the single 

hidden layer neural network, ELM can randomly initialize 

the input weights and bias and get the corresponding output 

weights. 

For a single hidden layer neural network, assuming that 

there are N random sample ( , )i iX t ,where,

1 2[ , ..., ]T n
i i i inX x x x R  , 1 2[ , ,..., ]T m

i i i imt t t t R  .A 

single hidden layer neural network with L hidden layer 

nodes can be expressed as 
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activation function. ,1 ,2 ,[ , ,..., ]T
i i i i nW w w w is input 

weight. i is output weight. ib  is the bias of the i-th hidden 

layer unit, and i jW X represents the inner product of iW  

and jX .The learning goal of single hidden layer neural 

network is to make the smallest output error, It can be 

expressed as 
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It can be expressed with matrix as: 

H T  (2) 

Where, H is the output of the hidden layer nodes,

is the output weight,T is the expected output. 
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In order to train the single hidden layer neural network , we 

hope to get 
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Where, 1,...,i L ,this is equivalent to the minimizing loss 
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function, 
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Some of the traditional descent gradient-based algorithm 

can be used to solve this problem, but generally the learning 

algorithm based on the gradient needs to adjust all 

parameters in the iterative process. The ELM algorithm, 

once the input weights and biases are determined at random, 

the output matrix H of hidden layer is uniquely determined. 

Training a single hidden layer neural networks can be 

transformed into solving a linear system H T  , and the 

output weights can be determined by: 

^
†H T  (7) 

where †H is the Moore-Penrose generalized inverse of 

matrix H ,and it can be proved that the norm of the 

obtained solution
^

  is the smallest and unique. 

 

Fig.1. Network structure of extreme learning machine 

Deep Extreme Learning Machine (D-ELM) is built in 

the form of multi-layer network structure, mainly divided 

into two separate phases: Unsupervised hierarchical feature 

representation and supervised feature classification. As 

shown in Fig.2, the first phase is ELM-based automatic 

encoder for extracting multi-sparse features of the input 

data, the second phase using the original ELM to make the 

final classification. Before unsupervised feature learning, 

the input raw data should be transformed into an ELM 

random feature space, which can help to exploit hidden 

information among training samples. Then, a N-layer 

unsupervised learning is performed to eventually obtain the 

high-level sparse features. Mathematically, the output of 

each hidden layer can be represented as: 

 1i iH g H   (8) 

where iH is the output of the i-th layer, 1iH  is the output of 

(i − 1)-th layer, g is the activation function of hidden layer, 

and β represents the output weights. The each layer of 

D-ELM is a separate module, and functions as a separate 

feature extractor. As the layers increasing, the resulting 

feature becomes more compact. Once the feature of the 

previous hidden layer is extracted, the weights or 

parameters of the current hidden layer will be fixed, and 

need not to be fine-tuned. From Fig.2 we can see that, after 

unsupervised hierarchical training in the D-ELM, the 

resultant outputs of the K-th layer kH  are viewed as the 

high-level features extracted from the input data. When 

used for classification, they are random perturbed, and then 

used as the inputs of the supervised ELM-based regression 

to obtain the final results of the whole network. The reason 

for the perturbation of kH  is that random projection of 

the inputs is required to maintain the universal 

approximation capability of ELM. In theory, using random 

mapping features as the inputs of the output weights, the 

hierarchical network can approximate or classify any input 

data. 

This part mainly introduces the automatic encoder, 

Automatic encoder as a kind of feature extractor was used 

in multi-layer network learning framework. It uses the 

encoded output to restore the original input by minimizing 

the reconstruction error. Mathematically, automatic encoder 

maps input data x to a higher level representation, and then 

through specific mapping    Y H X g A X B   
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potentially representing Y, parameterized by  ,A b  , 

Where,  g  is the activation function, A is a 'd d

weighting matrix, b is the bias vector. The resulting 

potential representation y is mapped back to a reconstructed 

vector z in the input space 

   ' 'z h y g A y b    ,where,  ' ', 'A b  . By 

using randomly mapped output as potential representation y, 

one can easily build the automatic encoder based on ELM, 

the reconstruction process of x can be regarded as ELM 

learning process, in which A’ is obtained by solving 

regularized least mean-square optimization. 

We first to optimize the layer number of the network 

structure of deep extreme learning machine.If the network 

layer is too little, there may can’t effectively extract image 

feature, and also feature information may express too 

redundant. If the network layer is too much, the extraction 

of feature information will be relatively more effectively, 

however, due to the too many layers, the effective 

information on each network will lose some, with the loss 

of effective feature information increases, it can't extract the 

relatively useful feature information. The optimization 

problem of deep neural networks has always been an 

important and hot issues in the field of machine learning. 

Currently academia and industry optimize the deep neural 

networks mainly based on experience, through the 

experience of staff and a large number of simulation 

experiments to get the optimal structure and parameters. 

By a large number of experiments, we select the three 

layers network structure, former two layers as unsupervised 

feature extraction, and the third layer as supervised feature 

classification. 

After determining the number of layers of the network, 

we will begin to choose the number of hidden nodes in each 

layer of deep extreme learning machine , if the number of 

nodes is less, then there will extract less feature map, and 

the obtaining feature information is less, may affect the 

classification results, if the number of nodes is more, the 

extracted feature map are more, but there may be some 

characteristic information that is not needed ,and too much 

redundant data also may affect the classification result. 

From a lot of experiments we got the Table 1,we used 9000 

training samples and 3000 testing samples. 

Analysis of Table 1 shows that the number of nodes in 

each hidden layer have a great effect on the accuracy of the 

classification, when the number of nodes is relatively small, 

the extracted feature maps is relatively small, it will cause 

under fitting, resulting in the classification accuracy is 

relatively low. When nodes are relatively many, the 

extracted feature maps are more, but some information may 

not the required feature data, and will be too 

redundant ,causing overfitting ,the difference between 

training accuracy and testing accuracy is great. Through the 

above analysis, we selected 20 hidden nodes in the first 

layer of deep extreme learning machine, and 20 hidden 

nodes in the second layer, and 500 hidden nodes in the third 

layer. 

Through the above optimization, as shown in Fig.3, the 

steps of feature extracting and cloud classifying of deep 

extreme learning machine are as follows: 

1)Dividing the satellite image into many 28 x28 small 

pieces, and let these 28 x28 images as the input of deep 

extreme learning machine, and initializing the input weights 

randomly. 

2)Using extreme learning machine automatic encoder 

with 20 hidden nodes to encode the input image; 

3)Again using extreme learning machine automatic 

encoder with 20 hidden nodes to encode the ouput of the 

step 2; 

4)Putting the feature-length vector obtained in step 3 

into the original extreme learning machine which has 500 

hidden nodes, and let its output as the input of the classifier 

in the final layer. Finally, the cloud classification is 

obtained by the probability of Softmax. 
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Fig.2 Network structure of deep extreme learning machine. 
 

 
Fig.3 Schematic diagram of feature learning. 

 
 

TABLEⅠ. THE NUMBER OF HIDDEN NODES SELECTION 

Combination of Hidden Nodes Training Accuracy /% Test Accuracy /% Training Time /s TestingTime /s 

N1=10;N2=10;N3=200; 92.13 89.95 8.85 3.27 

N1=10;N2=10;N3=500; 92.33 90.42 10.11 3.81 

N1=10;N2=10;N3=1000; 92.63 89.47 11.59 4.24 

N1=20;N2=20;N3=200; 91.82 89.58 9.10 3.60 

N1=20;N2=20;N3=500; 93.23 90.47 10.23 3.83 

N1=20;N2=20;N3=1000; 92.83 89.36 11.65 4.37 

N1=50;N2=50;N3=200; 91.72 87.09 9.56 3.71 

N1=50;N2=50;N3=500; 94.45 85.23 10.73 4.08 

N1=50;N2=50;N3=1000; 94.85 86.19 12.13 4.61 

 

By the Softmax probability,we can determine neural 

network classification, and through the maximum value 

judgment of probability to determine what kind of cloud 

is,but it’s difficult to determine the overlapping portion, 

therefore, we use the probability value difference between 

the thick cloud and thin cloud to determine the overlap of 

thick cloud and thin cloud, computation formula is as 

follows: 

0.12h bS S  (9) 

In the formula, hS represent the probability value of thick 

clouds after detection, bS represent the probability value of 

thin clouds, through this formula, we can generally 

calculate the repeat part of the thick cloud and thin cloud. 

Ⅲ.CLOUD FRACTION COMPUTING BASED ON CLOUD 

DETECTION 

Based on the characteristics of the CCD data and on the 

basis of cloud detection, we adopt the algorithm based on 

reflectance detection to carry out the calculation of total 

cloud fraction, and using HJ-1A/1Bsatellite as the data 

source to carry out the research of total cloud fraction 

calculation. In order to solve the problem of partial cloud 

cover, we use the spatial correlation method to calculate the 

total cloud fraction. 

The basic principle of the spatial correlation method is 

to obtain the total cloud fraction by detecting the amount of 

radiation in the situation of thick cloud and clear sky 
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covered by the radiation of a single pixel, the formula is as 

follows: 

 1 c clr c cldI A I A I   (10) 

In the formula (10), I is the amount of radiation 

received by the pixel, cA is the total cloud fraction. clrI is the 

upper bound of the brightness of the clear sky pixel and cldI

is the lower bound of the brightness of the thick cloud pixel. 

The formula for the total cloud fraction is: 

clr
c

cld clr

I I
A

I I





(11)

 
In this paper, cloud fraction computing model is mainly 

for the part of the thick cloud and thin clouds, thick cloud of 

cloud fraction defaults to 1, and the clear sky is 0. Then 

give specific cloud fraction computingresults based on 

satellite image detection. 

Ⅳ.ANALYSIS OF EXPERIMENTAL RESULTS 

A. Cloud Detection and Analysis of Satellite Cloud Image 

Based on Optimized Deep Extreme Learning Machine 

Cloud detection is the basis of cloudfraction computing, 

and this paper uses the deep extreme learning machine for 

cloud detection.Fig.4 shows the results of cloud detection 

under different methods.Fig.4(a) is the original image of the 

satellite cloud image, Fig.4 (b) is the result of the traditional 

threshold method,Fig.4 (c) is the result of the extreme 

learning machine, Fig.4 (d) is the result of convolutional 

neural network and Fig.4 (e) is the result of the deep 

extreme learning machine. In the figure, the thick cloud 

region is represented by red, and the overlap of thin cloud 

and thick cloud is represented by white, the clear sky region 

is represented by black, and the thin cloud region is 

represented by blue. From the analysis of the detected 

image in Fig.4,we can observe that, Fig.4 (b) on the whole 

white area is obviously more, that is the boundary between 

thick cloud and thin cloud is too much, indicating that there 

is no clear showing the boundary of thick cloud and thin 

cloud and Clear sky. In Fig4 (c), red area of the extreme 

learning machine is more than that on the deep extreme 

learning machine, too many thin clouds was be regarded as 

thick clouds. From Fig 4 (d) we can see, in the 

convolutional neural network, the processing about the 

boundary of thick cloud and thin cloud is relatively simple, 

and at the boundary of thin cloud and thick cloud, the white 

area is too much, while Fig4 (e) shows the original image 

more clearly, and it looks more delicate and rich. 

Deep extreme learning machine detects satellite cloud 

image according the training samples of thick cloud, thin 

cloud and clear sky, so the junction area is less, that is, the 

white part is less. We use the spatial correlation method to 

calculate the cloud fraction, so only need to calculate a clear 

part of the thick cloud, in which the junction and the thin 

cloud section, we use linear calculation method, it can 

better calculate the cloud fraction of the junction and the 

thin cloud. Therefore, it can be seen that the effect of Fig 4 

(e) is more in line with our requirements than Fig 4 (b) and 

Fig 4 (c) and Fig 4 (d). 

 
(a)Satellite image(b)Threshold method(c) ELM model (d) CNN model (e) Proposed method 

Fig.4 Comparison of different cloud detection methods. 
 

Another set of experimental results is given below. As 

shown in Fig.5, it can be seen from the figure that the 

processing of the convolutional neural network is not very 

good at the boundary between thick cloud and thin cloud, 

which leads to too much white area at the junction of thick 

cloud and thin cloud, and the proposed method clearly 

shows the distribution of all kinds of cloud. 
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(a) Satellite image (b) CNN model(c)Proposed method 
Fig.5 Comparison of different cloud detection methods 

 

In order to do effective quantitative analysis, we 

compare deep extreme learning machine (D-ELM) with 

extreme learning machine (ELM) as well as convolutional 

neural network (CNN) and traditional threshold method 

(TT).The comparison chart is shown in Fig.6.The results in 

Fig.6 are based on the testing results of the 350 satellite 

cloud images, which are composed of different regions. 

From the analysis of Fig.6, we can see that traditional 

threshold method needs the threshold value of expert 

experience, so its accuracy is the lowest, and the accuracy 

of the threshold method depends on changing the threshold 

constantly, and this method is also more stupid. Followed 

by the ELM model, ELM model is more prominent in 

learning the characteristics of the samples, and it can be 

more accurate to distinguish the features of different types 

of samples, and the accuracy rate is much higher than the 

traditional threshold method. Then the CNN model, we can 

see that D-ELM and CNN model compare with the other 

two methods have more advantages. Compared to CNN 

model, the classification accuracy of D-ELM is slightly 

better. 

 
Fig.6 Comparison of different cloud detection methods 

Through the comparison of the accuracy in Fig.6, we 

mainly focus on the deep extreme learning machine 

(D-ELM) and convolutional neural network (CNN) for time 

efficiency comparison. Table 2 shows the time efficiency of 

the D-ELM and CNN model for the same sample set, where 

the total training samples is 9000, the size of total testing 

sample is 3000, and each sample is a 28x28 pixel image 

block. CNN model needs constant iteration and adjusting 

parameters in network structure, so its training and learning 

speed is very slow and takes a long time. D-ELM is a 

multi-layer neural network model based on the Extreme 

Learning Machine, and Extreme Learning Machine 

randomly initialize weights and bias and does not require 

adjustment during the training process, having a speed 

advantage. The D-ELM inherits its advantages Speed 

advantage, training and testing time are very short, 

therefore, compared to CNN model ,D-ELM has more 

speed advantages. 

TableⅡ.CNN and D-ELM Time Consuming Comparison 

Methods Training Time/s Testing Time/s 

CNN 2058 55.83 

D-ELM 10.35 3.92 

B. Analysis of Cloud Fraction Computing 

Based on the cloud detection results, we use the spatial 

correlation method to calculate the cloud fraction in the 

cloud image.Fig.7 is a set of cloud fraction computing 

results graph, the color is from black to white, the right side 

shows the process from 1 to 0.From the cloud fraction 

calculation chart of Fig.7 we can see,Fig.7 (b), Fig 7 (c), 

Fig 7 (d) and Fig.7 (e) are gradually progressive in terms of 

colorful degree on the whole.Fig.7 (d) and Fig.7 (e) are 

more smooth and vivid in pseudo color than that in Fig.7 (b) 

and 7 (c), which shows that the details in the original image 

are well represented by the algorithm, the overall cloud 

fraction computing is more accurate. 

Then another set of experimental results is given below. 

From the Fig.8 we can see the advantages of convolutional 

neural network and deep extreme learning machine, which 

shows that the two algorithms are better able to analyze the 

details of changes in cloud image, and more accurate to 

calculate the overall cloud fraction. However, the color of 

Fig.8 (d) is too bright, resulting in cloud fraction calculation 

is too high, and the white part of Fig.8 (b) and Fig. 8 (c) is 
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too much. The proposed method has more advantages than 

these two. 

Fig.9 shows the comparison chart of the accuracy of 

several cloud fraction computing methods, we still compare 

deep extreme learning machine (D-ELM) with extreme 

learning machine (ELM) as well as convolutional neural 

network (CNN) and traditional threshold method (TT).The 

testing data in Fig. 9 are consistent with the testing data in 

Fig.6.It is clear from the figure that the accuracy of TT is 

still the lowest because of the poor results of the cloud 

detection, followed by the ELM model, the accuracy of 

cloud fraction computing of extreme learning machine 

compared to TT has been significantly improved, the gap 

between CNN model and ELM model is not very large. 

Compared with CNN model, the accuracy of D-ELM is 

slightly higher, but the computational efficiency of D-ELM 

is much better than that of CNN, therefore, the deep 

extreme learning machine is more suitable for the 

calculation research of large amount of data such as satellite 

cloud image.

 
(a)Satellite image (b)Threshold method (c) ELM model (d) CNN model (e) Proposed method 

Fig.7 comparison of different cloud fraction computing methods. 
 

 
(a)Satellite image (b)Threshold method (c) ELM model (d) CNN model (e) Proposed method 

Fig.8 Comparison of different cloud fraction computing methods. 
 
 

 
Fig.9 Accuracy comparison chart of different cloud fraction computing 

methods 

Ⅴ. CONCLUSION AND OUTLOOK 

 
In this paper, in order to solve this problem of can’t take 

full advantage of the characteristics and optical parameters 
of the satellite cloud image, we use deep extreme learning 
machine to detect and classify the cloud in satellite images. 
Firstly, we optimize the number of layers of deep extreme 
learning machine and the hidden node number in each layer, 
then use the optimized deep extreme learning machine to 
divide the cloud images into thick clouds, thin clouds and 

clear sky, on this basis，use spatial correlation method to 
calculate the total cloud fraction. This paper, we use 
HJ-1A/B satellite images as the data to verify the reliability 
of deep extreme learning machine for cloud fraction 
computing. Testing results show that in the cloud 
classification thick cloud and thin cloud can be 
distinguished well by deep extreme learning machine, and 
have a clear boundary area. The cloud classification and 
cloud fraction computing accuracy of deep extreme learning 
machine is better than traditional threshold method, extreme 
learning machine and convolutional neural network. The 
cloud fraction computing accuracy of deep extreme learning 
machine can reach more than 89%, and efficiency is higher. 

This paper mainly uses deep extreme learning machine 
to study the satellite images, although has made some 
progress, but the application of neural network in the cloud 
field is still in the start stage, there are still some 
deficiencies, we need further in-depth study, mainly has the 
following several aspects:1) In this paper, based on the 
research of deep extreme learning machine, in the process 
of cloud classification, although the training and 
recognition speed of the model is faster, but the recognition 
accuracy is not particularly high, so the network structure 
should be further optimized, and the characteristics of 
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satellite image should be more in-depth researched.2) 
This paper mainly classify the thick clouds ,thin clouds, 

clear sky and the overlap of thick clouds and thin clouds of 
the satellite image, but in the satellite image, some glaciers, 
haze would have a great impact on the research on 
classification, therefore, we will also focus on improving 
the anti-jamming capability of detection.3) In the future, 
the cloud fraction computing work of satellite image needs 
to be faster, and more in line with the needs of 
meteorological service, therefore, we should not only 
improve the performance of the model, but also need to 
combine with the actual hardware devices, to improve the 
efficiency of cloud fraction computing. 
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