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Abstract 

In this article we have proposed an effective approach for cloud image segmentation for finding 

candidate tracer clouds from infrared and water vapor satellite imageries. Since cloud images are 

highly texturous, the feature based segmentation techniques are expected to work well for such cases. 

First, we have extracted a number of features for each image pixel considering its 8-neighborhood and 

24-neighborhood pixels information. Then the clouds are segmented using k-means clustering 

algorithm. Next considering the coldest cloud segment, candidate regions for tracer clouds are 

identified. Finally, with a set of features computed for each segment, quantitative characterization for 

the regions was determined. The overall method has been tested in several image sequences and in 

each case it is found to do an excellent job. 
 

Keywords: Cloud Image Segmentation, k-means clustering, Satellite Images, Tracer Cloud Patches 

 

1. Introduction 
Image segmentation is a critical and essential component of image analysis and pattern recognition 

system. Further it is one of the most difficult tasks in image processing and determines the quality of 

the final result for analysis. Image segmentation is a process of dividing an image into different 

regions such that each region is, but the union of any two adjacent regions is not, homogeneous.  

The forecasting of weather phenomena largely depends on the motion of the clouds particularly over 

the ocean where in-situ measurements are very difficult. Gathering huge amount of water vapors from 

the ocean surface, the travelling clouds approach towards the continental land and may lead to, in 

many cases, formation of storms. For estimating the Cloud Motion Vectors (CMV) and to study the 

dynamic behaviour of clouds, the first step is to identify one or more stable cloud patches i.e., the 

tracer cloud patches. This is a challenging task to the meteorologists/forecasters.  

Multispectral single frame satellite images offer limited information concerning the evolution of 

dynamic behaviour. Visible images are available only during daylight, but infrared (IR) and water 

vapor (WV) imageries are very effective for studies of the cloud motion all through the day. A 

sequence of images taken at different time instants is generally used for cloud motion estimation in an 

automated environment. 

Objective of this work is to search for some candidate tracer cloud patches which almost preserve 

their shapes and sizes in successive image frames. To achieve the goal, a set of algorithms have been 

developed that can identify automatically the tracer cloud patches from an arbitrary IR and WV 

imageries. Since cloud images are highly texturous, only the intensity based image segmentation 

technique such as thresholding could not provide a desirable and effective segmentation. The feature 

based segmentation techniques are expected to work well for such cases. For feature-based 

segmentation, following five unique features have been computed for each and every pixels of the 

image: Mean, Standard Deviation, Horizontal Busyness, Vertical Busyness, and Entropy. These five 

unique features have been computed taking into consideration of 8-neighborhood and 24-

neighborhood pixel information. As a result ten features are being used for the proposed segmentation 

technique. 
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Then the k-means clustering algorithm has been applied on the cloud images. Next connected 

component analysis is applied to extract connected regions from the coldest segment. As our ultimate 

objective of this study is to find some “stable” cloud patches (tracer cloud patches), we consider the 

“coldest” cloud segment. In infrared image, colder areas emits less infrared light, similarly in water 

vapor image colder areas contain a lots of water vapors, and for both the cases those pixels are 

represented by higher gray values. Now after some post-processing possible candidate tracers comes 

from those regions. Finally, with a set of features computed for each segment, quantitative 

characterizations for the regions were determined. 

Cloud Image Segmentation has been discussed by different researchers, Fei Wenlong et.al.(2009) 

proposed a novel approach for satellite cloud image segmentation based on the improved Normalized 

Cuts Model. In the paper presented by Kun Qin et.al.(2010), they propose a novel method of image 

segmentation based on cloud concept analysis. Cloud classification based on structure features of 

Infrared images has been discussed by Lei Liu et. al. (2011). Bo Han et. al. (2006)  proposed a fast 

cloud detection approach using  Integration of Image Segmentation and Support Vector Machine. 

Giri, R.K. et al. (2011) has proposed and compared between Maximum Cross Correlation Coefficient 

(MCCC) or Fast Fourier Transform (FFT) methods for identification of tracers, but there is no widely 

accepted satisfactory method.  

This paper is organized broadly into the following four sections. Section 2 describes the main 

methodology of the process and it includes the following subsections viz. Concept of image 

segmentation, Feature extraction, Segmentation with K-means clustering algorithm, Selection and 

labelling of cloud clusters, and identification of possible candidate tracers. Section 3 describes the 

experimental results and overall discussion of the study. Finally, Section 4 concludes the outcome of 

the proposed method. 

 

2. Methodology 

Often to estimate cloud motion vector (CMV), one has to find manually a stable piece of cloud (i.e. 

tracer cloud patches) in an image Ft taken at time instant t. A cloud piece is said to be “stable” if its 

presence is found in a sequence of successive images with good preservation of signatures such as 

shape, size, relative position etc. This tracer cloud is then tracked in the next image Ft+1 taken at time 

instant (t+1). 

Objective of this study presented here is to find the tracer clouds automatically in an unsupervised 

manner from IR or WV imageries. Our philosophy consists of the following steps. First the image Ft 

has been partitioned into a set of homogeneous segments. This will be done using a feature based 

clustering algorithm. Here k-means clustering algorithm for cloud segmentation is considered. From 

these segments a few potential candidates is found as possible tracers. In the following subsections, 

the main methodology of the process has been discussed. 

 

2.1 Concept of Image Segmentation 

Image segmentation is an essential component of image analysis and pattern recognition system.  

Image segmentation is a process of dividing an image into different regions such that each region is, 

but the union of any two adjacent regions is not, homogeneous. 

The edge-based and the region-based are two major approaches to image segmentation. The region-

based image segmentation method assumes that  

(a) within each region of an image the intensity values are either constant (homogeneous) or 

uniformly varying and  

(b) the intensity values are different for different regions so that union of two (or more) 

adjacent regions is non homogeneous.  

 

In edge-based methods, local discontinuities are detected from the boundaries between different 

regions. One of the most popular as well as simple approach to image segmentation is thresholding. If 

the input image f(x,y) be composed of dark objects against a light background, in which case the 

object and background pixels will have gray levels grouped around two dominant modes.  
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Binarization is a process for converting a gray-tone image to a two-tone image or binary image. In 

binary image the pixels are either black (usually having value 1) or white (usually having value 0). 

Alternatively the pixel or point (x,y) with value 1 is called object pixel and the pixel with value 0 is 

called background pixel. 

 

Thresholding is the easiest method for binarizes an image. Check every pixel if it is greater than or 

equal to a particular value T, then set that pixel with 0 else with 1. The value T is called a threshold 

value. B(x,y) = 0 if G(x,y) ≥ T and  1 if G(x,y)  <  T. Where B(x,y) is the pixel in the binary image 

and G(x,y) is the pixel in the gray-label image. Threshold selection is an important task for 

binarization. One popular method is using histogram. In bimodal histogram, select the bottom of the 

valley between peaks of the histogram. The histogram with two peaks is termed as bimodal. 

 

In a more general situation, process of image thresholding refers to obtaining a number of gray level 

thresholds, say t1,t2, …,tk which leads to partitioning the gray-level range [0, 255] into k+1 mutually 

exclusive and exhaustive segments, namely, [0,t1], [t1+1, t2], …, [tk+1, 255]. But for cloud image this 

simple thresholding technique will not work as cloud images are highly texturous in nature and that’s 

why feature based k-means clustering technique is used. 

 

2.2 Features Extraction 

Image features are the distinguishing primitive characteristics or attributes of an image. Some features 

are natural in the sense that they are easily visible in the image. On the other hand, artificial features 

are obtained by specific computations of an image. For example, natural features include the 

luminance of a region of pixels known as gray values, while busyness, variance and entropy etc. are 

examples of artificial features. Image features are of major importance in the isolation of regions with 

common property within an image (image segmentation) and subsequent identification or labeling of 

such regions (image classification). Suppose a cloud image of size  m X n, is obtained at time instant t 

from a sequence of images taken over the same place and is denoted as Ft = [ft(x,y)]m X n , where m X n 

is the dimension of the image,  ft(x,y) is the intensity value at (x,y) of the image and also 0 ≤  ft(x,y) ≤  

255 , for 0 ≤  x ≤  m-1    and 0 ≤  y ≤  n-1.  

 

For segmentation, computation of image features from Ft using neighbourhood information is done. 

Here the 8-neighbourhood and 24-neighbourhood of any pixel p0 as shown in Figure 1 and Figure 2 

are considered. For segmentation following five features have been computed for each and every 

pixels of the image taken into consideration of the 8-neighbourhood and 24-neighbourhood pixel 

information: Mean (µp0), Standard Deviation (σp0), Horizontal Busyness (hbp0), Vertical Busyness 

(vbp0) and Entropy (ep0). 

 

 

P4= f(x-1,y-1) P3= f(x-1,y) P2= f(x-1,y+1) 

P5= f(x,y-1) P0= f(x,y) P1= f(x,y+1) 

P6= f(x+1,y-1) P7= f(x+1,y) P8= f(x+1,y+1) 

 

Figure 1: 8-neighbours of P0 at coordinate (x,y) 

 

 

 

 

P16= f(x-2,y-2) P15= f(x-2,y-1) P14= f(x-2,y) P13= f(x-2,y+1) P12= f(x-2,y+2) 

P17= f(x-1,y-2) P4= f(x-1,y-1) P3= f(x-1,y) P2= f(x-1,y+1) P11= f(x-1,y+2) 

P18= f(x,y-2) P5= f(x,y-1) P0= f(x,y) P1= f(x,y+1) P10= f(x,y+2) 

P19= f(x+1,y-2) P6= f(x+1,y-1) P7= f(x+1,y) P8= f(x+1,y+1) P9= f(x+1,y+2) 

P20= f(x+2,y-2) P21= f(x+2,y-1) P22= f(x+2,y) P23= f(x+2,y+1) P24= f(x+2,y+2) 

 

Figure 2: 24-neighbours of P0 at coordinate (x,y) 
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(1) Mean: 

 

In mathematics and statistics, the arithmetic mean, or simply the mean or average, is the sum of a 

collection of numbers divided by the number of numbers in the collection. The collection is often a set 

of results of an experiment, or a set of results from a survey, here it is computed by taking the average 

of the neighbouring gray values of p0 and p0 itself as: 
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(2) Standard Deviation:  

 

In statistics and probability theory, the standard deviation (SD) (represented by the Greek letter sigma, 

σ) shows how much variation or dispersion from the average exists. A low standard deviation 

indicates that the data points tend to be very close to the mean (also called expected value); a high 

standard deviation indicates that the data points are spread out over a large range of values. In case of 

an image the pixel with high variance is expected to be a candidate of an edge pixel and it is 

computed as: 
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(3) Horizontal Busyness:  

 

It is computed using the gray value of p0 and its neighbours as:  
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                                                                                                                                         (For Fig.2) 

 

Note that, horizontal busyness takes into account the horizontal direction of variation in intensity. 

 

(4) Vertical Busyness:  

 

It is computed using the gray value of p0 and its neighbours as:  

      

            )(
6

1
 = vb 811270036554p0 pppppppppppp        

(For Fig.1) 
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Note that, vertical busyness takes into account the vertical direction of variation in intensity. 

Busyness is a measure of statistical dispersion, measuring how a pixel deviates locally from its 

neighboring pixels. It helps to find the difference between regions in an image. Busyness of a pixel is 

the average of absolute gray value differences of all pairs of adjacent pixels in the neighbourhood 

(Dondes et.al.1982). 

 

Here it is also important to mention that, horizontal and vertical busyness can be joined together and 

computed as only Busyness. 

 

(5) Entropy:  
 

In information theory, entropy is a measure of the uncertainty in a random variable. In this context, 

the term usually refers to the Shannon entropy, which quantifies the expected value of the information 

contained in a message. Entropy can be viewed in various ways: a measure of uncertainty in a random 

event (i.e., a measure of the “randomness” of a random variable), a measure of information obtained 

by observing a data source, and the dispersion, i.e., scatterdness of a probability distribution. We 

know that smaller the local entropy is, the bigger the information gain and the rate of change in the 

intensity is. Thus, we can conjecture that the smaller the local entropy is, the bigger the dispersion is. 

So, the pixel with big local entropy is more likely to be an edge pixel (Dai, W.,2007). 

 

The entropy of p0 (ep0) in the neighbourhood of p0 can be calculated as: 
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We may consider ep0 as a measure of local homogeneity, which takes the maximum value when every 

pixel over its neighbourhood has the same gray level. 

 

Feature Vector: Thus, corresponding to each pixels at (x,y) of Ft,  we compute a feature vector  
T

yx yxeyxbvyxbhyxyxyxeyxvbyxhbyxyxx )),,(),,(),,(),,(),,(),,(),,(),,(),,(),,((,
 

 

 

Therefore, for the entire image there will be a set of mn vectors XF = {x1, x2, …, xmn}. For notational 

simplicity we replace the two dimensional subscript, (x,y), by a one dimensional subscript. 

 

2.3 Segmentation using K-means Clustering Algorithm 

 

This data set XF is now used to segment the underlying image F. By k-means clustering algorithm as 

discussed next to particular XF into k clusters and hence segments F into k segments. 
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2.3.1 K-Means Clustering Algorithm: 

K-means is one of the unsupervised learning algorithms that can solve the well-known clustering 

problem. Using a supervised classification the analyst has available sufficient known pixels to 

generate representative parameters for each class of interest. This step is called training. Once trained, 

the classifier is then used to attach labels to all the image pixels according to the trained parameters. 

Where as in unsupervised classification, it doesn’t require human expert to have the foreknowledge of 

the classes and only needs to set through a certain number of clusters (assume k clusters) fixed a 

priory. [Though some cluster validity index may help us to choose a suitable k for the best 

segmentation of the images (Sergios, T. et.al 1999)]. Application of such unsupervised algorithm with 

remote sensing data has been efficiently used by Liou et.al.(2005). Here we use the k-means 

clustering algorithm for the classification of the satellite images. The main idea is to define k centers, 

one for each cluster. The next step is to take each point belonging to a given data set and associate it 

to the cluster having the nearest center. When no point is pending, the first step is completed and an 

early group age is done. At this point it is necessary to re-calculate k new centers. After getting these 

k new centers, a new binding has to be done between the same data points and the nearest new centre. 

The above step is repeated until a complete pass through all the data points resulting no data point 

moving from one cluster to another. At this point the clusters are stable and the clustering process 

ends.  

 

2.3.2 Algorithm K-MEANS:  

STEP 1: Initialize of Cluster Centres: 

In absence of any information for judicious choice of initial cluster centre, we randomly 

select k distinct data points from XF. Let the initial centres be V(0) = (v1(0), v2(0), …, 

vk(0)),  

vi(0) ϵ R
p
, p=10 here. t←0, Choose tmax, the maximum number of iteration allowed. 

STEP 2:  Loop through STEP 3 and STEP 5, until no significant change in the cluster centre or t˃ 

tmax. 

STEP 3:  For each xi ϵ XF, find the cluster centre vl(t) which is closest to xi and assign xi to the lth 

cluster Xl.  
STEP 4:  For each cluster Xi, i=1,2,3, …,k, compute the new clusters based on the feature vectors 

belonging to that cluster, i.e,  𝑣𝑖(𝑡 + 1) =  
∑ 𝑋𝑗𝑥𝑗𝜖𝑥𝑖

|𝑋𝑖|
 

STEP 5:  t←t+1. 

STEP 6:  End. 

  

The set of final centres obtained by K-means are denoted as 𝑉𝑓 = {𝑣1
𝑓

, 𝑣2
𝑓

, … , 𝑣𝑘
𝑓

}. When the input 

image is Ft and the set of feature vector is XFt, the final set of centroids will be denoted by  𝑉𝑡
𝑓

=

{𝑣𝑡,1 
𝑓

, 𝑣𝑡,2
𝑓

, … , 𝑣𝑡,𝑘
𝑓

}.  

 

2.3.3 Results of K-Means: 

The k-means clustering algorithm partitions XF. Since there is a one to one correspondence between 

the points in XF and the pixels in the image F, a segmentation of the image can be obtained. Fig. 3(a) 

and 3(b) shows a typical IR and WV cloud image respectively used in this study. [These images are 

taken by NEODASS Dundee using the EUMETCAST distribution service provided by EUMETSAT 

on September 01, 2012 at 12:00 UTC, Resolution of each image is 2.5 km/pixel. We have considered 

a part of the image of size 351 X 296 pixels from the source image 

(http://www.sat.dundee.ac.uk/auth.html)]. There may be several combinations of these ten features 

and the algorithm of the k-means is so implemented that any one or combinations of these features 

can be used in program. By experimenting with different set of features, what we have noticed here, 

that the  eight features, one set for each 8 and 24 neighbourhoods namely, standard deviation, 

horizontal busyness, vertical busyness and entropy  influence  k-means for detecting edges of the 

cloud clusters as reflected in Figure 4(a) and 4(b). On the other hand, mean feature helps k-means to 

extract regions within the cloud clusters and acts as a dominant feature in the feature set as evident 
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from Figure 5(a) and 5(b). The k-means algorithm is so implemented that a segment (cluster) is 

represented by the average gray value of that cluster (where gray value is a scalar of the feature 

vector) so that the segmentation results closely resemble the input image. After experimenting with 

various combinations (subsets) of these features, it is found that use of all ten features can produce 

more desirable (visually) segmentation. So in all the subsequent discussion is based on segmentation 

produced by the k-means algorithm using all ten features. Figure 6(a) to Figure 6(b) shows the 

segmentation results of the images using feature vector, and in each case we use K=5, i.e, the number 

of clusters. 

 

 
 

Figure 3(a) : Infrared satellite image 

 

 
 

Figure 3(b) : Water Vapor satellite image 

 

 
 

Figure 4(a) : Segmentation using eight features 

 

 
 

Figure 4(b) : Segmentation using eight features 
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Figure 5(a) : Segmentation using only mean 

feature 

 

 
 

Figure 5(b) : Segmentation using only mean 

feature 

 

 

 
 

Figure 6(a) : Segmentation using all ten features 

 

 

 
 

Figure 6(b) : Segmentation using all ten features 

 

2.4 Selection and Labelling of Cloud Clusters 

Every cluster in the image usually consists of a number of regions. A region is defined as set of 

connected pixels belonging to the same cluster. In our discussion the word segment will be used to 

represent all pixels belonging to a particular cluster, while a region will correspond to a set of 

connected pixels belongs to a segment. 

Let the k-segments be defined by Si, i=1,2,…,k. Each segment Si has mi regions. The regions are 

found by the connected component analysis implemented depth first search (DFS) algorithm as 

discussed next. 

 

2.4.1 Algorithm for finding connected components in a segment Sl. 

Step 1: Binarize the image. 

Every pixel ϵ Sl is assigned a gray value of 1  and all other pixels are assigned 

gray value of 0. 

Step 2: Initialize LabelNumber ←2. 

Step 3: Pick up any pixel in the binarize image with gray value 1 and assign it a 

label, is equal to LabelNumber. 

Step 4: Check the 8-neighbors of every pixel with label = LabelNumber. 

If any one of them has gray value 1, then assign the same label number to that pixel. 
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Step 5: Repeat the same procedure until 

There is no 1 valued pixel in the 8-neighbors of any pixel with label = 

LabelNumber. 

(This way may lead to get one region.) 

Step 6: Check if there is any other unlabeled pixel with gray value 1. 

If none 

The algorithm stops  

Else 

Increase LabelNumber by 1, and 

Repeat step 3. 

As because initialization was done by Step 2, to get the total number of  connected components 

subtract 1from  highest LabelNumber. Let 𝑉𝑖
𝑓
be the final set of centroids obtained by the  k-means 

algorithm. 

 

 

2.5 Identification of Possible Candidate Tracers  

As our objective of this study is to find some “stable” cloud patches, we consider the “coldest” cloud 

segment. Infrared satellite measurements are related to the brightness temperature. For an infrared 

image, warmer objects appear darker than colder objects and in water vapor image colder areas 

contain a lots of water vapor are represented by higher gray values, so from the set of final cluster 

centroids, we select the one whose average gray value component has the highest value. Let this 

cluster be the l-th cluster. Hence all our subsequent analysis will be on the image segment Sl. 

After deciding on the segment, we find the regions Rli, i=1,2,…,ml that can be obtained by the above 

algorithm. At this point we make three reasonable assumptions that, 

(a) very small regions (cloud patches) cannot be good candidates for tracer clouds, 

(b) regions with large holes are not good candidates for tracer clouds and 

(c) regions which share the boundary of the image frame are not good candidates as they may 

disappear from the next image frame. 

 

So if |Rl| < threshold-size, then we ignore it from further consideration, where |.| denotes the 

cardinality. Also if the region share points of the boundary of the image frame, we ignore it.  Let 

the number of regions that are  left  be ml'. Now we apply a hole finding algorithm in each of the 

remaining regions. If the size of any single hole is greater than 10% (heuristically chosen threshold) of 

the size of region, we consider such a hole large enough and we ignore such cloud patches. There is a 

scope of finding a more desirable threshold. Let the number of segments that are finally left out be nl ≤ 

ml. The subsequent processing will be done on these nl regions. 

 

3. Experimental Results and Discussion 

 

Figures 7(a) and 7(b) depict the coldest segment of the segmented image when K=5 and K=6 

respectively in case of the above IR image (Figure 3(a)). It is interesting to observe that increasing  K 

from 5 to 6 does not result much change the segment corresponding to the coldest area of the cloud. 

It also shows that the number of regions and the distribution of regions in terms of size and location 

for the coldest segment remain almost the same for K=5 and K=6. This is a very desirable 

behaviour of our philosophy because of the fact that, these are the stable cloud patches.  Figure 8(a) and 

Figure 8(b) show the candidate tracers with their bounding boxes corresponding to Figure 7(a) and 

Figure 7(b). For WV images the same procedure can be applied and found almost the same candidate 

tracers. 
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Figure 7(a) : Coldest Segment (IR) when K =5 

 

 
 

Figure 7(b) : Coldest Segment (IR)  when K =6 

 

 
 

Figure 8(a) : Candidate tracers (IR) when K =5 

 

 
 

Figure 8(b) : Candidate tracers (IR) when K =6 

 

The next step involves quantitative characterization for these regions. This is done using a set of 

features computed from each region. In this study the following features have been used: 

1) averageX, i.e. average of all x  co-ordinates of the object pixel, 

2) averageY, i.e. average of all y co-ordinates of the object pixel, 

3) centroidX, i.e. centroid x co-ordinate of the smallest rectangular bounding box, 

4) centroidY, i.e. centroid  y co-ordinate of the smallest rectangular bounding box, 

5) mass, i.e. total number of pixels, 

6) averageGrayValue, i.e. average of all gray values, 

7) majorByMinor, i.e. ratio of the major and the minor axes, where major and minor axes 

lengths are length and breadth respectively of the smallest bounded rectangle, and 

8) areaByPeri, i.e. ratio of the area or mass (i.e. number of pixels) and the perimeter (i.e., 

number of boundary pixels) of the region. 

 

Let there be p attributes to characterize a region. For the potential candidates we get  a  set  of  

feature vectors 𝑌 = (𝑦1, 𝑦2, … , 𝑦𝑛𝑙) ⊆ 𝑅𝑝   Given  an  image  taken  at  time t, we  have  the  set  of  

terminal  cluster  centroids 𝑉𝑡
𝑓

= {𝑣𝑡,1 
𝑓

, 𝑣𝑡,2
𝑓

, … , 𝑣𝑡,𝑘
𝑓

} ⊆  𝑅𝑝 and 𝑌𝑡 = (𝑦𝑡,1, 𝑦𝑡,2, … , 𝑦𝑡,𝑛𝑙) ⊆ 𝑅𝑝    

 

Table 1 and 2 shows the different types of f e a t u r e s  c o m p u t e d  f o r  e a c h  regions of Figure 

8(a) and Figure 8(b) respectively. 
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Table 1: Features of the regions of Figure 8(a) 

 

Region 

id 

averageX averageY centroidX centroidY mass Average 

GrayValue 

majorBy 

Minor 

areaBy 

Peri 
0 94 107 90 104 4259 247 2.061538 9.360439 

1 85 209 84 209 106 236 0.666667 2.120000 

2 126 258 125 256 306 228 1.060606 2.095891 

3 167 192 171 192 3311 245 1.898305 6.812757 

4 168 261 169 262 299 241 0.708333 3.559524 

5 218 269 217 271 264 243 0.833333 2.933333 

6 222 120 223 120 2081 241 3.000000 6.523511 

 

Table 2:  Features of the regions of Figure 8(b) 

 

Region 

id 

averageX averageY centroidX centroidY mass Average 

GrayValue 

majorBy 

Minor 

areaBy 

Peri 
0 94 107 90 104 4076 248 2.093750 8.841649 

1 136 247 136 249 101 237 1.636364 1.803571 

2 166 192 169 193 3098 247 2.000000 6.662365 

3 168 261 168 262 269 243 0.739130 3.164706 

4 218 269 217 270 243 245 0.791667 2.761364 

5 222 120 223 121 1944 243 2.971429 5.926829 

 

It is evident from Table 1 and Table 2 along with the Figures in 8(a) and 8(b) that, region with id 1 in 

Figure 8(a) in not in the Figure 8(b) and the mass of the region with id 2 in Figure 8(a) has been 

decreased from 306 to 101 pixels and it appears as region with id 1 in Figure (b) when K has been 

increased from 5 to 6 on the same IR image. The remaining 5 regions have the almost uniform 

signatures such as shape, size, relative position etc. which is a desirable behaviour of our philosophy 

because of the fact that, these are the stable cloud patches and outcome of our study. 

 

 

4. Conclusions 

A unique hierarchical method for finding automatically good tracer cloud is proposed and discussed. 

The method has been tested in several image sequences and in each case it is found to do an excellent 

job. Meteorologists can use this method effectively to overcome their decade-long challenging tasks 

of selecting best tracer cloud from a given sequence of satellite images. 
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