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ABSTRACT 

 
The present study is an attempt to identify the characteristics of atmospheric cloud that affects the aerial and 

satellite images. Images captured by aerial and satellite are projected images where the cloud causes 

interference in them. The major challenge of satellite imaging is to provide accurate and frequent images to the 

research world without any discontinuity of data sets. This paper describes the basic technological aspects of 

image processing with special reference to aerial and satellite image processing. 
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1. INTRODUCTION 

Satellite images known as remotely sensed images, permit accurate mapping of land cover and make landscape 

features understandable on regional, continental, and even global scales. Transient phenomena, such as seasonal 

vegetation vigor and contaminant discharges, can be studied by comparing images acquired at different times. 

Satellite imagery are images of Earth or other planets collected by imaging satellites operated by governments and 

businesses around the world. Satellite imagery is very cost effective in mapping extended regions.The existence of 

high quality images enabled mapping changes in land development in the last two decades.  

Nevertheless, one of the problems that hindered the use of such imagery is existence of clouds and their associated 

shadows. Although cloud areas can easily be detected and replaced from other imagery due to their high 

reflectance, the shadow caused by these clouds represents areas with low illumination conditions that double the 

image defected areas. This effect of clouds and cloud-associated shadows are widely spread with approximately 

66% of the earth surface is covered by clouds throughout the year[1]. 

A common and complex aspect in aerial and satellite image application is encountered when image is captured 

from above the clouds. This causes signal attenuation of the image acquisition above the cloud cover and cloud-

shadows modifies the ground local luminance. Several methods were used to restore the cloud affected areas. But 

most of them are used for removing thin clouds[2]. Fusion techniques were also used to account for cloud and 

shadow defects[3]. These methods require cloud/shadow free images as reference images for processing and so 

not much reliable. Recent developments in the area include more efficient segmentation results but the 

performance is greatly influenced by the selection of the  thresholds for various spectral tests[4] T.B. Borchartt 

and R.H.C. de Melo [5] suggested a method which works well but the algorithm fails for the compensation of 

cloud-shadows and the scaling factors have to be obtained experimentally for each part of the image.   

https://en.wikipedia.org/wiki/Image
https://en.wikipedia.org/wiki/Earth
https://en.wikipedia.org/wiki/Imaging_satellite
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Several methods were used to overcome these problems, techniques such as Bag of words (BOW), global 

threshold, local threshold, Smart information reconstruction (SMIR), spatially and temporally weighted regression 

(STWR). 

 
 

2. ANALYSISIS OF DIFFERENT PERFORMANCE ENHANCEMENT TECHNIQUES OF 

CLOUD EXTRACTION IN SATELLITE IMAGES 

 
2.1 Bag of words (BOW) 

In this study, a method of automatic cloud detection is proposed based on object classification of image features. 

An image is first segmented into superpixels so that the descriptor of each superpixel can be computed to form a 

feature vector for classification. The support vector machine algorithm is then applied to discriminate cloud and 

noncloud regions.Thereafter, the GrabCut algorithm is used to extract more accurate cloud regions. The key of 

the method is to deal with the highly varying patterns of clouds. The bag-of-words (BOW) modelis used to 

construct the compact feature vectors from denselyextracted local features, such as dense scale-invariant 

featuretransform (SIFT)[6].  

To build the BOW model, dense SIFT features [7] are extracted from each object obtained by segmentation. K-

means clustering is then used for the generation of the codebook of the features. A training sample of cloud and 

noncloud objectsis then selected. After learning from the samples by support vector machines (SVMs) [8], 

segmented image objects can be classified as cloud and noncloud. The final step is to use the GrabCut algorithm 

[9] to segment the foreground (classified 

cloud objects) and the background accurately.BOW was initially used for natural language processing and 

information retrieval with documents that are considered as unordered sets of words, disregarding grammar, and 

word order [10].Recently, this model has been successfully applied in computer vision, such as image 

classification, object recognition, and image retrieval [11]–[12]. The BOW model treats each pattern as a 

collection of features extracted 

from the image. BOW is suitable for modeling complex objects, such as cloud with varying parts in a compact 

feature vector. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

Fig.1. Workflow of the proposed approach. 
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2.2. Global threshold andlocal threshold 

In an effective registrationmethod for cloudy satellite images based on global and localthresholds. First, cloud 

candidates are determined by using optimalthreshold and k-means clustering. Then, using the localthreshold, the 

cloud candidates are further classified into threecategories: thick clouds, thin clouds, and ground. Finally, 

accurateregistration is performed by eliminating features relating to cloudyareas. 

Thick cloudy areas are comparatively easy to segment, and conventional methods based on simple threshold 

techniques, which are proposed by Otsu [13], Yen et al. [14], and Tsai [15], can provide reasonable 

performance. However, segmentation of thin cloudy areas is a critical task due to the similar intensity values of 

the cloud and ground features such as roads, houses, and buildings.  

Therefore, simple threshold techniques are unable to segment cloudy areas correctly. This problem and propose 

an effective registration method for remote sensing images that also contain clouds. Fig. 2 shows the main steps 

involved in two stages of the proposed method. It is notable that, usually, image registration consists of four 

main steps: feature extraction, feature matching, transformation estimation, and image resampling[16], [17]. 

Whereas, in the proposed method, two additionalsteps, i.e., cloud detection and segmentation, are carried out 

before the registration procedure. The main advantage of segmenting the cloudy areas is that the outliers are 

automatically eliminated. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                  

                                                  

Fig. 2. Block diagram of the proposed method. 

 

2.3 Smart information reconstruction (SMIR) 

A novel smart information reconstruction (SMIR) method is proposed, in order to reconstruct cloud 

contaminated pixel values from the time-space-spectrum continuum with the aid of a machine learning tool, 

namely extreme learning machine(ELM).A novel information recovery method is proposed here by 

reconstructing the value of cloudy pixels through the established time-space-spectrum relationships between 

cloudfree pixels and the cloudy pixels that are cloud-free in the historic time series with the aid of computational 
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intelligenceor machine learning, namely smart information reconstruction (SMIR). The objective of this study is 

dedicated to developing the SMIR method and advancing its performance in terms of information recovery 

among data gaps caused by cloud contamination in remotely sensed images. 

 

 

 

Fig. 3. Schematic flowchart of the proposed SMIR method. 

 

 

2.4 Spatially and temporally weighted regression (STWR) 

 
A novel spatially and temporally weighted regression (STWR) model for cloud removal to produce continuous 

cloud-free Landsat images. The proposed method makes full utilization of cloud-free information from input 

Landsat scenes and employs a STWR model to optimally integrate complementary information from invariant 

similar pixels. Moreover, a prior modification termis added tominimize the biases derived from the spatially-

weighted-regression-based prediction for each reference image. The results of the experimental tests with both 

simulated and actual Landsat series data show the proposed STWR can yield visually and quantitatively 

plausible recovery results.Spatially and temporally weighted regression (STWR) model to produce continuous 

cloud-free Landsat imagery.  

STWR makes full use of cloud-free pixels in the input time series cloud-contaminated scenes and optimally 

integrates bothspatial and temporal information to restore missing data in each target scene. The major 

contribution of this focuses on solving a more complex and practical issue: continuous cloud removal. To be 

specific, our model aims to transfer time-series cloud-contaminated Landsat scenes to corresponding cloud free 

ones. Moreover, a complete procedure of removing Landsat clouds, including cloud/shadow detection, 

cloud/shadow labeling, and cloud removal,was provided. The implementation of cloud removal using STWR 

can be easily extended to the reprocessing of cloud-free remote sensing productions. 
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Fig.4. Flowchart of the proposed STWR method. 

 
 

 

 

3. COMPARARATIVE ANALYSIS OF TECHNIQUES 

 
Technique Used Remarks 

Bag of words (BOW) The experiments show that the method is insensitive to the number of codewords in 

the codebook construction of the BOW. 

Global threshold 

andlocal threshold 

The experiments show that the proposed method provides segmentation accuracy of 

93.29%. In addition, registration accuracy is improved by 24.83%, as compared with 

conventional methods. 

Smart information 

reconstruction 

(SMIR) 

The proposed ELM-based SMIR method is capable to recover the missing 

information with high efficacy for operational use. 

Spatially and 

temporally weighted 

regression (STWR) 

 

With the integration of information on boththe target image and reference image 

through a STWR model, 

STWR can efficiently restore cloud-contaminated information. 

  

Table 1: Comparison of techniques 

 
 

 

 

 

 



Vol-4 Issue-2 2018  IJARIIE-ISSN(O)-2395-4396 
 

8227 www.ijariie.com 4111 

4. CONCLUSION 

 
Satellite and aerial images are used for feature extraction among other functions. Images captured by aerial and 

satellite are projected images where the cloud causes interference in them. The major challenge of satellite 

imaging is to provide accurate and frequent images to the research world without any discontinuity of data sets. 

Accurate retrieval of satellite and aerial images based on surface products requires the removal of atmospheric 

effects like cloud contamination. The BOW method only needs some representative samples to build up a 

classification model. Combining BOW  method with other successful algorithms using multi- temporal images 

and sensor information could be an interesting future work to improve the accuracy of the extraction. As BOW 

does not require multi-temporal images; and  it does not require additional information about the sensors. The 

BOW method only needs some representative samples to build up a classification model. 
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