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Abstract 

Clustering techniques are useful tools to explore data structure and organize its objects into 

homogeneous groups with similar features. Hyperspectral clustering has hot research field in 

remote sensing that aims to group or classify high dimensional data such as satellite imageries 

hyperspectral data into group based spectral features. This paper presents a comparative study 

between four well known partitioning clustering algorithms, K- Means, partitioning around 

medoids (PAM), clustering large applications (CLARA) and Fuzzy C-Means (FCM), are applied 

with hyperspectral dataset acquired by Airborne Visible / Infrared Imaging Spectrometer 

(AVIRIS) for Cuprite region in USA. Besides an enhancement has been applied on K- Means 

and CLARA, by setting dataset endmembers as initial centroids for clusters. All algorithms have 

been implemented to accept two distance measure methods: Euclidean and Cosine. The 

clustering performance has been analyzed in terms of inter clustering quality, intra clustering 

quality and time cost.  PAM and CLARA generated clustering qualities higher than K-Means but 

with different high time cost. Also enhanced K-Means and enhanced CLARA produced higher 

clustering accuracy in both qualities and time cost than K-Means and CLARA. FCM produced 

accuracy close to K-Means and PAM.  

Keywords: Multispectral and hyperspectral imaging, Partitioning Clustering, K-Means, K-

Medoid, partitioning around medoids (PAM), clustering large applications (CLARA), Fuzzy C-

Means (FCM) 

1. Introduction 

Clustering is a process of grouping a given dataset into homogeneous sub sets (clusters), where 

objects with similar features are assigned to the same group [1]. Clustering is not only a 

computational process for grouping but it is also used to understand large amount of multivariate 

data[2, 3]. So it has become an important method of data mining and extracting meaningful 

information from large amount of data. In last few years, the increasing number of large 

multidimensional data collections, such as satellite hyperspectral images, have forward the 

development of new clustering algorithms [4, 5]. Spectral clustering aims to group spectral data, 

such as multispectral or hyperspectral data, based on spectral information. Each cluster can be 

represented as a single point called center or centroid. Clustering or classifications methods can 

be divided into unsupervised classifications and supervised classifications [1, 6, 7].  

In unsupervised classification, number of classes should be predefined and each pixel is assigned 

to the nearest class. These classes may be not correspond to well define land cover types of 

interest, so that meaningful labels should be assigned these classes. Unsupervised classification 

is useful when users don’t have an accurate prior information about cover types present in the 

image. In cases of no prior field knowledge or detailed aerial photographs for the image area, 

unsupervised classification can be a suitable solution [8].  

In supervised classification, the user should define training sets that picked from the map. These 

sets known to be particular representative for each land cover type of interest. Each pixel in the 

image is assigned to the class that most closely matches its spectral signature. It is important to 
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defined well prior information that covers the full range of variability within each land cover 

type to allow clustering method produces accurate classification results [9]. For satellite images 

classification, supervised algorithms can be more accurate and effective. However, the accuracy 

of the process depends on goodness of prior knowledge of target classes and locations of these 

classes. Hybrid classification can be performed by using supervised and unsupervised 

classifications together in the process [6].  Clustering approaches have many aspects such as type 

of clustering and how grouping data can be done. Clustering types can be categorized based on 

the methodology of grouping data objects. There are many clustering methodologies such as 

partitioning and hierarchical algorithms [1, 5, 10].  

In hierarchical algorithms each data point is represented as singleton class and merging process 

is performed on pair of clusters until all clusters have been merged into a single cluster that 

contains all data points [11-13]. In partitioning clustering each observation or data point is 

assigned to cluster with closest centroid which called as strict partitioning clustering. In strict 

partitioning clustering with outliers, point can’t be assigned to any cluster and can be considered 

as outlier point [10, 14, 15]. Usually number of centroids should be predefined before start 

performing clustering. K-Means and K-Medoids are popular partitioning algorithms. K-Means 

was proposed by MacQueen in 1967 to analysis multivariate data [2]. K-Means aims to minimize 

the distance between data points and cluster center, then compute new centroid.  K-medoids was 

developed by Kaufman and Rousseeuw in 1987 to overcome the shortage of K-Means in 

sensitivity to outliers [16]. K-medoids tries to minimize the distance between data points and 

cluster center, then find a point inside cluster to be center. There are several types of K-medoids 

algorithms such as partitioning around medoids (PAM) and clustering large applications 

(CLARA)[16-18]. The third type is fuzzy c-means (FCM) which is a special case for partitioning 

algorithms. FCM was developed by Dunn in 1973, and improved by Bezdek in 1981, which 

allows each data point belong to more than one cluster or partition with different probabilities 

[19]. One of the shortages in K-Means and K-medoids is selection initial clusters centers, so in 

this paper we set initial clusters centers to dataset endmembers and compare the output results. 

Another aspect which should be considered is the method used to measure the distance or 

similarity between data point and center of class. Another aspect is the clustering quality which 

is a very important in order to take decision if the classes or groups outcome from clustering 

technique are good and if they satisfy data spread or not.  

This paper is organized as follows: Section 2 describes clustering algorithms, Section 3 explains 

methodology, Section 4 addresses experiments and results and finally conclusion is given in 

Section 5.  

2. Clustering Algorithms  

In this section, we present a brief description of K-Means, K-Medoids (PAM and CLARA), and 

Fuzzy C-Means algorithms with mathematical expressions and flow charts. Also a proposed idea 

for enhancing K-Means and K-Medoids will be illustrated. 

2.1. K-Means Algorithm 

K-Means is one of the popular and simplest partitioning algorithms that used to solve several 

clustering problems. K-Means is a partitioning unsupervised algorithm. The concept of K-Means 

is based on classifying the input data objects into a certain predefined number of clusters (k 

clusters) [20]. The main idea is to specify k centroids that each one represents a cluster. These 

centroids should be organized in a convenient way because different locations cause different 

results. Then, better choice of centroids locations leads to place clusters far away from each other 

as much as possible. Then each data point is assigned to the cluster with closest centroid. After 
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assignment of new point to cluster, each cluster centroid has been updated by computing the 

mean point. The process of reassignment points to the closest centroid is repeated until there is 

no point changes in cluster, thus no change in centroid [21, 22]. This algorithm aims to minimize 

the following objective as 

 
   ∑∑    (     )

 
 

   

 

   

 

 

(1) 

where      is a selected distance measure method used to measure the similarity between a data 

point    and the cluster centroid   . 

The K-Means algorithm is summarized in the flow chart depicted 

in Fig.1 

K-Means has some strengths and weakness points, these points 

can be summarized as follows: 

Strengths of K-Means 

a. K-Means is easy to understand and can be implemented 

simply.  

b. It is more efficient for large datasets with complexity 

       where n is number of data objects, k is number of 

clusters, and t is number of iterations. Normally k and t 

are too lower than n.  

c. Often K-Means terminates at a local optimum where 

global optimum can be found by using heuristic 

techniques such as genetic algorithms.  

d. Also it can produce best classification result when data 

points are distinct and well separated from each other [23, 

24]. 

Weakness of K-Means  

a. K-Means needs a prior information about the number of 

cluster centers.  

b. K-Means can’t handle noisy data and outliers.  

c. Random selection for first guess of cluster centers may produces different clustering 

results through experiments. 

d. Euclidean distance measures may unequally weight underlying factors.  

e. K-Means can’t resolve highly overlapping data and don’t able to determine inner clusters 

[23, 24]. 

2.2. K-Medoids   

K-medoids  is a partitioning clustering method that can be used in domains that need robustness 

to any outliers data or noise [25]. It is similar to K-Means which divides a set of dat points into k 

classes or clusters. It tries to minimize the sumumation of distances between a point and a center 

of the cluster. Unlike K-Means where the center of the subset is the mean of data points in this 

subset, k-medoids algorithm assign the center of the subset to a member of its members, called a 

medoid. These medoids  are the actual data points in the dataset. Thus it can be useful in cases of 

datasets that don’t have actual mean or mean can’t be defined such as categorical data. This is 

 

Fig.1 K-Means algorithm 

flowchart 
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the main difference between k-medoids and K-Means where the centroids returned by K-Means 

may not be within the data set [24, 26]. Besides K-medoid less sensetive to ouliers , because 

outliers will assigned to the closest cluster without changing center value. There are  several 

iterative algorithms based on K-medoids concept that maximize the sum of similarites from each 

object to its cluster medoid, over all clusters.  

2.3. PARTITIONING AROUND MEDOIDS (PAM) 

PAM is one of K-modids algorthm which proceeds in following steps [16, 27]: 

1- Build-step: Each of k clusters is associated with a 

potential medoid.  

2- Swap cost: Within each cluster, each point is tested 

as a potential medoid.  

             ∑           
 

 

   

 (2) 

where    is the tested point as medoid of cluster k and    is 

any data point within cluster k. 

3- Checking if the medoid that produce the minimume 

swap cost. Thus this point is defined as a new 

medoid, then every point is assigned to the cluster 

with the closest medoid. 

The algorithm iterates the build and swap steps until the 

medoids do not change, or other termination criteria are 

met. The flow chart in Fig.2 summerize PAM algorithm  

Strength and Weakness of PAM 

PAM is more robust than K-Means in the presence of outliers 

because a medoid is less influenced by outliers or other 

extreme values than a mean. The complexity of PAM is 

            for each iteration where n is number of data 

objects, k is number of clusters. Thus PAM works more 

efficient for small datasets but does not be well for scale large 

data sets [26] 

2.4. Clustering Large Applications (CLARA) 

CLARA repeatedly performs the PAM algorithm on number 

of random subsets extracted from the main dataset. It aims to 

overcome scaling challenges posed by the PAM algorithm 

through sampling [17, 28]. The CLARA algorithm can be 

proceeded as follows. 

1. Selecting a sample or subset from the original dataset. 

2. Applying the PAM algorithm to the selected subset. 

3. Assigning each data point of the original dataset to clusters by selecting the closest 

medoid. 

 

Fig.3 CLARA algorithm flowchart 

 

 

Fig.2 PAM algorithm flowchart 
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The algorithm continues to repeat previous steps until there is no change on medoids, or other 

termination criteria are met. CLARA can be summarized in the flowchart below in Fig.3 

2.5. ENHANCED K-MEANS AND K-MEDOIDS 

To avoid different clustering results due to the random selection for initial centroids in K-Means 

and K-medoids and to overcome the prior information to specify number of clusters K, we 

propose using the endmembers of dataset as initial centroids. Thus the clusters will start creation 

around endmembers. 

2.6. Fuzzy C-Means (FCM)  

FCM is a partitioning clustering technique that allows each data 

point belong to more than cluster with some probabilities called 

membership degree [19, 29]. It works well to classify 

multidimensional space into a specific number of different 

cluster [30]. FCM allows each data point to belong to more than 

cluster with different degrees of membership. The summustion 

of membership for each point should be equals to one. FCM 

tries to minimize the objective function (  ) that can be 

expressed as follows:  
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where 

 D is the number of data points.  

 N is the number of clusters. 

   is fuzzy partition matrix exponent with m > 1. 

    is the ith data point. 

    is the center of the jth cluster. 

     is the degree of membership of    in the j
th

 cluster. 

  is used to control the degree of fuzzy overlap which determines the boundaries between 

clusters and the number of data points that have significant membership in more than one 

clusterFCM performs the following steps during clustering: 

Step 1 - Initialize the cluster membership values, μij randomly. 

Step 2 – Calculate the centroid of each cluster j as follows: 
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 Step 3 - Update the membership degree (     of point   at cluster   according to the following 

equation:  
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Fig.4 FCM algorithm 

flowchart 
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Step 4 - Compute the objective function, Jm. 

Step 5- Repeat  steps 2–4 until    coverages a specified threshold ( ) or until a predefined 

maximum number of iterations. 

Finally each point    can be represented by the centeriod that produce maximum membership 

degree for it.  

FCM algorithm can be summarized by the flowchart in Fig.4. 

Strengths of FCM 

a. FCMS gives best result for overlapped dataset and comparatively better than K-Means 

algorithm.  

b. It is unlike K-Means, where data point must exclusively belong to one cluster center, data 

point is assigned  membership to each cluster center as a result of which data point can 

belong to more than one cluster center. 

Weekness of FCM 

a. FCMS needs a priori information about the number of clusters.  

b. With lower value of threshold   , it produces better result but with more compution and 

time cost.  

c. Euclidean distance measures can unequally weight underlying factors. 

3. Methodology  

3.1. Similarity Methods 

Since clustering is grouping data objects based on similarity features, then   a methodology to 

determine whether two objects are similar or dissimilar is required [31-35]. There are two main 

type of measures used to estimate this relation:   

1- Distance measures 

2- Similarity measures. 

Each of them is the complement of the other. Normalized similarity is the complement of 

normalized distance between two instances    and   . The output value will be between 0 and 1 

and can be expressed as: 

  (      )       (      ) (6) 

where S is similarity and D is distance. 

The result means perfect similarity if S = 0, thus D will equal 1 and vise versa for dissimilarity. 

Several clustering methods use distance measures to find the similarity or dissimilarity between 

two objects. It is useful to compute the distance between two objects    and                . For 

identical vectors, a valid distance measure should be symmetric and obtains its minimum value 

which usually be zero. There are many types of distance measure methods such as Minkowski 

Metric [36], Cosine Measure [37], Pearson Correlation [38], Extended Jaccard [33] and Dice 

Coefficient [32]. However, there are no general theoretical guidelines to select a measure method 

for any given application, in this paper uses Euclidian and cosine (as shape similarity method) 

measures as similarity functions in applied experiments. 
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A. Minkowski/ Euclidean Metric 

Minkowski metric is a popular measure for high dimensional data [36], 

   (     )  (∑|         |
 

 

   

)

 
 

 

 

(7) 

where   is the dimensionality of the data. The Euclidean distance is a special case where p=2, 

while Manhattan metric has p=1 [39]. 

B. Cosine Measure 

This method measures the spectral distance by calculating the angle between the two spectra, 

treating them as vectors in n-dimensional space. Small angles between the two spectra indicate 

high similarity and vise versa. The mathematical equation which describes cosine measure is 

given as: 

 
 (     )         

  
    

 

‖  ‖  ‖  ‖
  

 

(8) 

In this paper all selected algorithms are prepared to accept hyperspectral images to perform 

spectral clustering with different measure similarity functions. Euclidian distance is selected as 

an instance of methods that measure distance between two vectors based on least squares method 

(LSM). Also cosine distance is used to measure the distance between two vectors as shape 

similarity method. 

3.2. Accuracy Assessment 

The goodness of clustering can be measured based on two major criteria [40]: 

A. Intra-Clusters Quality  

It represents summation of distances between points and centroid within each single 

cluster. It measures cluster homogeneity and can be increased by minimizing distances 

within cluster. 

B. Inter-Clusters Quality 

It represents summation of distances between clusters that measure the clusters 

separability. It increases clustering goodness by maximizing distances between centroids 

of each cluster.  

Fig.5 shows the difference between inter-cluster and intra-cluster qualities.  

 

 

Fig.5 Different between Intra and Inter cluster distances 
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Sum of Squared Error (SSE) is the simplest and most widely used criterion to measure clustering 

qualities. It can be expressed as, 

 
     ∑ ∑ ‖     ‖

 

     

 

   

 

 

(9) 

where    is the set of data points in cluster   and    is the vector mean of cluster  . The 

components of    are calculated as: 

 
    

 

  
∑   

      

 

 

(10) 

where    = is the number of data points belonging to cluster k. 

In the study, the accuracy of clustering is evaluated by computing the inter quality and intra 

quality using SSE based on the used similarity function. Also the time cost for clustering is 

calculated as performance assessment. 

All algorithms used in this study are implemented in Matlab R2017a. For FCM MATLAB has a 

bulit-in function that implements FCM based on Euclidean distance , and we extend this function 

to clustering hyperspectral data. Also we implement our own FCM function that can use 

different similarity measure methods like Euclidean and cosine 

4. Experiments & Results 

Cuprite dataset is used to compare the accuracy of the K-Means, PAM , CLARA , enhanced K-
Means , enhanced K-medoids and FCM. Cuprite is the most benchmark dataset for hyperspectral 
unmixing research that covers the Cuprite in Las Vegas, Nevada, U.S.  It contains 224 channels 
start from 0.37 µm to 2.48 µm. Moreover  its spatial resolution is about 17 meters per pixel. An 
atmospheric correction has been applied on this image at the USGS Spectroscopy Lab as 
discussed in. Noisy spectral channels (bands) have been removed from channel 1 to 2 and from 
221 to 224. In additional water absorption channels from 104 to 113 and from 148 to167 have 
been eliminated, thus the dataset became ready for test with 188 channels. There are 14 types of 
minerals. Due to the small differences between variants of similar minerals, the number of 
endmembers has been reduced to 12. A Sample from Cuprite dataset is selected with dimensions 
130x100 pixels as shown in Fig.6 to apply different clustering techniques on it.  

 

K-Means, PAM and CLARA algorithms have been applied on Cuprite dataset with different 

number of clusters as study cases. Selected number of clusters or classes are 4, 5, and 9. Each 

 

Fig.6 Cuprite dataset sample 
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experiment is repeated using Euclidean and cosine methods to measure distance to centroid. For 

enhanced K-Means and enhanced K-Modoids as shown in Fig.7, Cuprite dataset endmembers 

are extracted using endmembers extraction methods (i.e. N-Finder or vertex component analysis 

(VCA)) with different selected number of endmembers.  The ground truth of Cuprite dataset is 

12 materials, so we extract the most 12 endmembers form it using VCA. First candidate are 5, 7, 

9  endmembers as shown in Fig.7 (A, B, C, and D). Enhanced K-Means and K-medoids are 

applied on Curpite dataset using 5 , 7 , 9 and 12 endmembers as initial centers for clusters. 

Experiments for enhanced K-medoids are concentrated on using CLARA algorithm. PAM 

algorithm is ignored due to its high time cost in large datasets. CLARA algorithm depends on 

number of selected samples and number of replications, so CLARA experiments are applied 

using different number of samples and replications. For each number of selected endmembers 

enhanced CLARA is applied on three different experiments: 

a. Sample size (40*2k) and 5 replications where k is number of endmembers selected 

b. Sample size 250 and 5 replications 

c. Sample size 250 and 20 replications  

Euclidean distance and Cosine distance are used as similarity measure methods. For FCM , 

MATLAB extended FCM function and implemented FCM function are applied using Euclidean 

distance on Cuprite dataset with different number of clusters 4, 5, and 9. Each function computes 

the intra-quality, inter-cluster quality and cost time. Then apply implemented FCM function 

using Cosine distance with the same conditions. During all experiments the intra-quality, inter-

cluster quality and cost time are computed for each experiment as performance criteria. 

 

 

Fig.7 Different extracted endmembers of Cuprite datasets 
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4.1. K-Means Experiment Results: 

As shown in Fig. 8 A, B and C K-Means clusters maps result by using Euclidean distance 

method for number of classes 4, 5 and 9 respectively.  The computed centroids for k equals 4, 5, 

and 9 are shown in Fig.9 A, B and C respectively.  On other side K-Means clusters maps and 

centroids using cosine method is shown in Fig. 10 and Fig.11 respectively. Table 1 and 2 

contains summaries of performance for K-Means using both Euclidean and cosine methods. 

Obviously K-Means produced better intra and inter qualities while increasing number of classes 

k for both Euclidean and cosine cases. On the other side time cost increased   while increasing 

number of classes. 

  

Table 2 K-Means performance using cosine distance 

 K=4 K=5 K=9 

Intra-Quality (SEE °)  0.0366 0.0262 0.0119 

Inter-Quality (SEE °) 0.0004 0.0007 0.0029 

Time cost (sec) 3.6362 4.6712 5.4878 

 

Table 1 K-means performance using Euclidean distance 

 K=4 K=5 K=9 

Intra-Quality 4588.0 3548.0 2405.2 

Inter-Quality 18.5962 27.9154 84.1824 

Time cost (sec) 3.9837 6.0725 8.5863 

 

(A) (B) (C) 

Fig.8 K-Means clusters based Euclidean distance (A) K = 4 (B) K = 5 and (C) K= 9 

Fig.9 K-Means clusters centroids based Euclidean distance (A) K = 4 (B) K = 5 and (C) 

K= 9 

 

Bands 

(A) 
Bands 

(B) 

Bands 

(C) 
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4.2.  PAM Experiment Results: 

Table 3 and 5 contains PAM performance using Euclidean and cosine distances respectively. By 

referring to tables 3 and 5. PAM produced high inter and intra qualities when number of classes 

is large but with too higher time cost than K-Means. The high cost is due the computation time 

consumed to find the point within cluster to be medoid. Cosine distance experiments produced 

time cost lower than Euclidean. Fig. 12 shows PAM clusters maps result from experiments for 

number of clusters equals 4, 5 and 9 using Euclidean distance. Spectral clusters medoids for each 

experiment using Euclidean can be shown in Fig.13. On the other side PAM clusters maps and 

clusters medoids of experiments by using cosine distance are illustrated in Fig. 14 and 15 

respectively. 

 

(A) (B) (C) 

Fig.12 PAM clusters centroids based Euclidean distance (A) K = 4 (B) K = 5 and (C) K= 9 

Bands 

(A) 
Bands 

(B) 

Bands 

(C) 

Fig.11 K-Means clusters centroids based cosine distance (A) K = 4 (B) K = 5 and (C) K= 9 

(A) (B) (C) 

Fig.10 K-Means clusters based cosine distance (A) K = 4 (B) K = 5 and (C) K= 9 
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Bands 

(A) 
Bands 

(B) 

Bands 

(C) 

Fig.13 PAM clusters centroids based Euclidean distance (A) K = 4 (B) K = 5 and (C) K= 9 

 

(A) (B) (C) 

Fig.14 PAM clusters centroids based cosine distance (A) K = 4 (B) K = 5 and (C) K= 9 

Fig.15 PAM clusters centroids based cosine distance (A) K = 4 (B) K = 5 and (C) K= 9 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 

 

 

 

Table 4 PAM performance using cosine distance 

 K=4 K=5 K=9 

Intra-Quality (SEE °) 0.0422 0.0272 0.0159 

Inter-Quality (SEE °) 0.0003 0.0006 0.0015 

Time cost (sec) 55.7041 75.5913 100.3481 

 

Table 3 PAM performance using Euclidean distance 

 K=4 K=5 K=9 

Intra-Quality  3846 3727.0 2597.6 

Inter-Quality 5.6212 26.8605 80.2529 

Time cost (sec) 110.1556 115.961 118.515 
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4.3. CLARA Experiment Results:  

Clara algorithm is applied on dataset with Sample size (40*2k) and 5 replications where K = 4,5 

and 9 with Euclidean distance and cosine as shown in cluster maps in Fig. 16 and 18 repectively. 

Output mediods are shown in Fig. 17 and 19 for Euclidean and cosine distances respectively. By 

using Euclidean  distance , Table 5 shows that CLARA produced to lower time cost than PAM 

but with lower inter and intra qualities. For cosine distance as listed in Table 6 , CLARA 

achieved lower time cost and higher inter quality than PAM,but with lower intra qualities across 

all experiments. 

  

Table 6 CLARA performance using cosine distance 

 K=4 K=5 K=9 

Intra-Quality (SEE °) 0.0506 0.0443 0.0225 

Inter-Quality (SEE °) 0.0003 0.0037 0.0041 

Time cost (sec) 7.5377 8.1932 11.7325 

 

Table 5 CLARA performance using Euclidean distance  

 K=4 K=5 K=9 

Intra-Quality 5237.3 3862.9 3025.6 

Inter-Quality 21.1287 26.8791 73.9969 

Time cost (sec) 4.3202 2.7827 4.9292 

 

(A) (B) (C) 

Fig.16 CLARA clusters based Euclidean distance (A) K = 4 (B) K = 5 and (C) K= 9 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 
Fig.17 CLARA clusters centroids based Euclidean distance (A) K = 4 (B) K = 5 and (C) K= 9 
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Fig.20 Intra-quality for K-Means, PAM and CLARA : (A) Euclidean (B) cosine distances 
(A) (B) 

(B) 

Fig.21 Inter-quality for K-Means, PAM and CLARA using: (A) Euclidean (B) cosine distances 

(A) 

 

SUMMARY FOR K-MEANS VS. K- MEDOIDS  

Fig.20 ,21 and 22 show performance bar chart comparison for intra quality, inter quality and 

time cost respectively between K-Means PAM and CLARA algorithms across all previous 

experiments using Euclidean and cosine distance methods. 

 

 

 

 

 

 

 

 

 

 

(A) (B) (C) 

Fig.18 CLARA clusters based cosine distance (A) K = 4 (B) K = 5 and (C) K= 9 

(A) 
Bands Bands 

(B) 
Bands 

(C) 

Fig.19 CLARA clusters centroids based cosine distance (A) K = 4 (B) K = 5 and (C) K= 9 
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4.4.  Enhanced K-Means Experiment Results: 

Enhanced K-Means has been applied on dataset with four different experiments based on number 

of endmembers selected as shown in Fig.7. Each experiment repeated using Euclidean and 

cosine as similarity measure methods. Clusters maps for all experiments using Euclidean and 

cosine methods are shown in Fig.23 and 25 respectively, beside that final centroids results are 

shown in Fig. 24 and 26. Table 7 summarizes enhanced K-Means performance using Euclidean 

distance. It shows that enhance K-Means at k= 4 and k= 9 produced better intra and inter 

qualities than K-Means with few higher time cost. On the other side as listed in Table 8, 

enhanced K-Means using cosine distance produced better qualities with higher time cost than  K-

Means when k = 9. In case k=4 it produced so close results to K-Means.  

(A) (B) (C) (D) 

Fig.23 Enhanced K-Means clusters based Euclidean distance (A) K = 4 (B) K = 7 , (C) K= 9 

and (D) K= 12 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 
Bands 

(D) 

Fig.24 Enhanced K-Means centroids based Euclidean distance (A) K = 4 (B) K = 7 and (C) 

K= 9 (D) K= 12 

(A) 

Fig.22 Time cost for K-Means, PAM and CLARA using: (A) Euclidean (B) cosine distances 

 

(B) 
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(A) (B) (C) (D) 

Fig.25 Enhanced K-Means clusters based cosine distance (A) K = 5 (B) K = 7 and (C) K= 9 

(D) K= 12 

4.5. Enhanced CLARA Experiment Results: 

CLARA algorithm depends on number of selected samples and number of replications, so 

CLARA experiments are applied using different number of samples and replications. For each 

number of selected endmembers enhanced CLARA is applied on three different experiments: 

d. Sample size (40*2k) and 5 replications where k is number of endmembers selected 

as shown in Fig.27 and 28 for Euclidean distance. For cosine distance as shown in 

Fig.33 and 34. 

e. Sample size 250 and 5 replications as shown for Euclidean distance in Fig.29 and 

30. For cosine distance as shown in Fig.35 and 36 

f. Sample size 250 and 20 replications as shown for Euclidean distance in Fig.31 and 

32. For cosine distance as shown in Fig.37 and 38 

Table 7 Enhanced K-Means using Euclidean distance 

 K=5 K = 7 K = 9 K = 12 

Cluster Quality 3327.1 2743.0 2388.5 2003.7 

Inter-Quality 58.6475 135.0293 199.8173 298.9147 

Time cost (sec) 4.2327 8.9520 8.3186 10.8264 

 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 

Bands 

(D) 

Fig.26 Enhanced K-Means centroids based cosine distance (A) K = 5 (B) K = 7 and 

(C) K= 9 (D) K= 12 

Table 8 Enhanced K-Means using Cosine distance  

 K=5 K = 7 K = 9 K = 12 

Intra-Quality (SEE °) 0.0262     0.0179     0.0117     0.0076 

Inter-Quality (SEE °) 0.0007     0.0014     0.0023     0.0046 

Time cost (sec) 3.7926     4.9615     5.8941     6.6929 
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By referring to Table 9 enhanced CLARA produced high inter qualities across all experiments. 

In cases of k= 5 and k=9 enhanced CLARA achieved inter quality higher than CLARA, but with 

lower intra qualities. In cases of using sample size (40*2k) and 5 replications, enhanced CLARA 

consumed lower time than CLARA. However increasing number of replications leads to increase 

time cost. Cosine distance results are listed in Table 10. In case of sample size (40*2k) and 5 

replications, enhanced CLARA produced qualities close to CLARA when k = 5 and k = 9 but 

with lower time cost. The same issue of high time cost is still exist when number of replications 

increased. 

  

  

(A) (B) (C) (D) 

Fig.27 Enhanced CLARA clusters with sample size (40*2k) and 5 Replications based Euclidean 

distance where k is number of clusters: (A) K= 5 (B) K= 7 (C) K= 9 (D) K= 12 

Fig.28 Enhanced CLARA medoids with Sample size (40*2k) and 5 Replications where k is 

number of clusters (A) K= 4 (B) K= 7 (C) K= 9 (D) K= 12 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 
Bands 

(D) 

(A) (B) (C) (D) 

Fig.29 Enhanced CLARA clusters with sample size 250 and 5 Replications based Euclidean distance: 

(A) K= 5 (B) K= 7 (C) K= 9 (D) K= 12 
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Table 9 Enhanced CLARA performance using Euclidean distance 

Experiment Quality  K=5 K = 7 K = 9 K = 12 

S = 40*2k 

R = 5 

Intra Quality 6978.6    4178.5     3829.0     3267.5 

Inter-Quality 132.5564   210.9145   362.4411   516.8879 

Time cost (sec) 1.0571     1.1217    1.1726     1.2221 

S = 250 

R = 5 

Intra Quality 4045.2     3488.5     2828.9     2367.1 

Inter-Quality 41.3737   174.6289   226.6664   492.9534 

Time cost (sec) 8.3951     8.7861     8.9614     8.9813 

S = 250 

R = 20 

Intra Quality 3900.1 3198.5 2733.6 2362.6 

Inter-Quality 31.0485   149.6078   295.6625   445.5087 

Time cost (sec) 18.8884    18.8390    19.4215    20.1645 

 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 
Bands 

(D) 

Fig.30 Enhanced CLARA medoids with sample size 250 and 5 Replications based Euclidean 

distance: (A) K= 4 (B) K= 7 (C) K= 9 (D) K= 12 

(A) (B) (C) (D) 

Fig.31 Enhanced CLARA clusters with sample size 250 and 20 Replications based Euclidean 

distance: (A) K= 5 (B) K= 7 (C) K= 9 (D) K= 12 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 
Bands 

(D) 

Fig.32 Enhanced CLARA medoids with sample size 250 and 20 Replications based Euclidean 

distance: (A) K= 4 (B) K= 7 (C) K= 9 (D) K= 12 
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(A) (B) (C) (D) 

Fig.33 Enhanced CLARA clusters with sample size (40*2k) and 5 Replications based cosine distance 

where k is number of clusters: (A) K= 5 (B) K= 7 (C) K= 9 (D) K= 12 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 
Bands 

(D) 

Fig.34 Enhanced CLARA medoids with sample size (40*2k) and 5 Replications based cosine distance 

where k is number of clusters: (A) K= 4 (B) K= 7 (C) K= 9 (D) K= 12 

(A) (B) (C) (D) 

Fig.35 Enhanced CLARA clusters with sample size 250 and 5 Replications based cosine 

distance: (A) K= 5 (B) K= 7 (C) K= 9 (D) K= 12 

Bands 

(A) 
Bands 

(B) 

Bands 

(C) 
Bands 

(D) 

Fig.36 Enhanced CLARA medoids with sample size 250 and 5 Replications based cosine 

distance: (A) K= 4 (B) K= 7 (C) K= 9 (D) K= 12 
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4.6. FCM EXPERIMENT RESULTS: 

Fig.39 and 40 illustrate the clusters images and centroids of experiments at k = 4 for extended 

MATLAB FCM and implemented one using Euclidean distance respectively. The Membership 

images illustrated in Fig.41 and 42 indicate the membership degree of each centroid across all 

pixels in the image for extended FCM and implemented one respectively.  

Generally FCM produced clustering qualities close to K-Means and PAM but with higher time 

cost. As listed in Tables 11 and 12, our implemented FCM using Euclidean distance achieved 

approximately the same inter and intra qualities for MATLAB FCM built-in function, but with 

lower half time cost than MATLAB FCM. Fig.43 (A,B and C) illustrate bar charts comparison 

between MATLAB FCM and implemented FCM intra quality, inter quality and time cost 

respectively. On the other side using cosine distance, implemented FCM produced better 

qualities than K-Means and PAM, but with high time cost as shown in Table 13. 

Table 10 Enhanced CLARA performance using Cosine distance 

Experiment Quality K=5 K = 7 K = 9 K = 12 

S = 40*2k 

R = 5 

Intra-Quality (SEE °) 0.0404 0.0358 0.0241 0.0182 

Inter-Quality (SEE °) 0.0046 0.0060 0.0098 0.0242 

Time cost (sec) 1.5769 1.5703 1.6150 1.8580 

S = 250 

R = 5 

Intra-Quality (SEE °) 0.0286 0.0216 0.0164 0.0124 

Inter-Quality (SEE °) 0.0007 0.0017 0.0030 0.0054 

Time cost (sec) 11.1842 11.0689 28.3080 10.9185 

S = 250 

R = 20 

Intra-Quality (SEE °) 0.0289 0.0223 0.0154 0.0096 

Inter-Quality (SEE °) 0.0007 0.0015 0.0050 0.0061 

Time cost (sec) 40.5480 30.2646 28.1932 28.5175 

 

(A) (B) (C) (D) 

Fig.37 Enhanced CLARA clusters with sample size 250 and 20 Replications based cosine distance: 

(A) K= 5 (B) K= 7 (C) K= 9 (D) K= 12 

Bands 

(A) 
Bands 

(B) 
Bands 

(C) 
Bands 

(D) 

Fig.38 Enhanced CLARA medoids with sample size 250 and 20 Replications based cosine distance: 

(A) K= 4 (B) K= 7 (C) K= 9 (D) K= 12 
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(A) (B) (C) (D) 

Fig.41 Membership results of MATLAB FCM 4-clusters and 4-centroids using Euclidean distance: (A) 

Centroid 1  (B) Centroid 2 (C) Centroid 3 (D) Centroid 4 

 

Fig.42 Membership results of Implemented FCM 4-clusters and 4-centroids using Euclidean 

distance: (A) Centroid 1  (B) Centroid 2 (C) Centroid 3 (D) Centroid 4 

 

(C) (A) (D) (B) 

(A) 
Bands 

(B) 

Fig.40 Implemented FCM 4-clusters using Euclidean distance: (A) Clusters map (B) Centroids 

(A) 
Bands 
(B) 

Fig.39 MATLAB FCM 4-clusters using Euclidean distance: (A) Clusters map (B) Centroids 
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5. Conclusion 

Clustering plays an important role in understanding data structure and representing it in a 

meaningful form. Clustering satellites hyperspectral data helps to identify land covers or at least 

gives an initial indication for distribution of materials in region of interest. Partitioning clustering 

is scalable and simple. K-Means is simple to implement and produces better results in case of 

large number of clusters. It depends on recomputed mean point of cluster points to assign it as 

cluster centroid, which leads to make it sensitive to outliers and noise. Therefor K-Medoids or 

PAM was proposed to overcome this issue. PAM tries to find a point from the cluster points 

itself to be a center (medoid), so any outlier will assign to closest cluster without effect on its 

center. PAM produces better results than K-Means in cases of lower number of k, but it results 

too higher time cost than K-Means. Also PAM is not effective in large scale datasets. CLARA is 

an extension of PAM to overcome large scale issue. It applies PAM to different subsets 

iteratively until there is no change in medoids. Another issue for K-Means or K-medoids is 

initialize centers randomly which may lead to different results for the same dataset and same 

number of clusters. To avoid this issue endmembers of dataset are used as initial guess for 

centers. Enhanced K-Means and K-medoids (CLARA) produced better clustering qualities than 

K-Means and CLARA respectively. This assumption leads clustering to be around selected 

endmembers. FCM is a special case of partitioning clustering which allows point belong to more 

than cluster with different probabilities. Generally partitioning clustering is very useful in cases 

of prior information about number of clusters. 

 

Table 11 MATLAB Extend FCM performance  

 K=4 K=5 K=9 

Intra-Quality (SSE) 4613.1 3582.8 2519.4 

Inter-Quality (SSE) 17.1841 25.9615 69.8180 

Time cost (Sec) 51.6611 44.4276 204.8902 

 Table 12 Implemented FCM performance using Euclidean distance  

 K=4 K=5 K=9 

Intra-Quality (SSE) 4613.1 3582.8 2519.4 

Inter-Quality (SSE) 17.1841 25.9615 69.8179 

Time cost (Sec) 36.1218 34.0914 107.8872 

 
Table 13 Implemented FCM performance using Cosine distance 

 K=4 K=5 K=9 

Intra-Quality (SSE°) 0.0349 0.0259 0.0140 

Inter-Quality (SSE°) 0.0006 0.0009 0.0038 

Time cost (Sec) 45.2833 52.3395 237.4916 

 

 (B) 

 (B) 

Fig.43 MATLAB and implemented FCM using Euclidean distance: (A) Intra-clustering quality 

(B) Inter-clustering quality (C) Time cost 

(A) (C) 
(B) 
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 الملخص
جميع تعد تقنيات التجميع من االدوات المفيدة الستكشاف بنية المعمومات وهيكمتها في مجموعات متجانسة ذات صفات متشابهة. كما تعتبرتقنيات ت

االستشعار عن بعد التي تهدف إلى تجميع أو تصنيف البيانات عالية األبعاد مثل البيانات البيانات فائقة الطيف من مجاالت البحوث الهامة  في 
تصوير األقمار الصناعية إلى مجموعات اعتمادا عمى الصفات الطيفية. تقدم هذه الورقة دراسة مقارنة بين أربعة خوارزميات مشهورة من  الناتجة من

-C و  (CLARA) ، تجميع التطبيقات الكبيرة medoids  (PAM) التقسيم حول ، K-Meansخوارزميات التجميع الجزئية وهى ، 
Means الضبابي (FCM) جهاز تصوير األشعة المرئية وتحت الحمراء  ، تم تطبيقها عمى مجموعة من البيانات الطيفية المكتسبة من قبل

 و   K-Means ضافة إلى ذلك ، تم تطبيق تحسينات عمىلمنطقة كوبريت في الواليات المتحدة األمريكية. باإل (AVIRIS) المحمول جوا
CLARA ( من خالل تعيين المواد النقية ،Endmembers الموجودة فى البيانات كمراكز أولية لممجموعة. وتم تنفيذ جميع الخوارزميات )

أداء المجموعات من حيث الجودة بين المجموعات ، وقد تم تحميل  لقبول طريقتين لقياس المسافة : طريقة اقميدس لقياس المسافة وطريقة جيب التمام

ولكن مع تكمفة وقت عالية.  K-Means أفضل من CLARAو  PAMنتائج تجميع كل من  كانت .وجودة التجميع الداخمي وتكمفة الوقت

-K قريبة من كل من FCMالمحسنين. كما كانت دقة   CLARAو  K-Meansارتفعت دقة التجميع وتكمفة الوقت فى كل من 
Means  وPAM. 

 


