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Abstract 

 

The text documents are vital resources for any organization. With time the collection of documents keeps on expanding and 

results into corpora. In document corpora research and in the field of semantic web, it is essential to examine a lot of documents 

or web pages in order to find relations and synonyms to realize logical differences that exist among them. Conventional data 

mining and information retrieval techniques are time consuming and may occupy larger space. The situation may further worsen 

if the text documents are gigantic in nature. In order to deal with this ordeal an alternative technique was developed known as 

clustering. Clustering techniques develop relations between the documents and then the documents are clustered on the basis of 

these relations. In this paper the survey of the various methodologies for ontology clustering has been done. The survey gave a 

clear understanding about the importance of partitioning huge ontologies for making information retrieval efficient. 
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_______________________________________________________________________________________________________ 

I. INTRODUCTION 

The word ‘Ontology’ is used alternatively for ‘Knowledge bases’. Ontology is a description of concepts and the relationships 

amongst them. These relationships can take various forms like ‘ISA’, ‘PartOf’, ‘SynOf’ etc. Most of the concepts are related 

through inheritance depicted by ‘ISA’ relationship. ‘PartOf’ depicts aggregation among the concepts and ‘SynOf’ depicts 

Synonym. Formally ontology is machine-readable and excludes the use of usual languages. For example, in health domain, the 

concepts are diseases and symptoms, the relations amid them are causal and a constraint is that a diseases cannot cause itself. 

An Ontology is a pool of concepts that gives a clear understanding of a particular domain. It is a collection of special terms 

that cohesively give a deep understanding of any specific domain. Moreover, any ontology should provide knowledge in concise 

manner. 

How ontologies are helpful in semantic data retrieval? 

In the field of semantic web there exists a set of ontologies with large number of terms in it. This gigantic collection of entities 

or terms cause many challenges at the time of information retrieval due to its complex nature and time consuming processing 

Clustering these ontologies may help in reducing the processing load and thus can optimize information retrieval. Further 

problems such as term inconsistency – a situation in which a precise data object encompasses relevant data but is not retrieved 

because it uses disparate words to delineate it and its opposite in which irrelevant data is retrieved due to similarity of words may 

come up. 

Lately though, a new way is growing – the semantic approach. This way aims to use meta-data in order to answer the users' 

necessity in a extra satisfactory method for Data Retrieval and navigation. Ontologies can be extremely functional in enhancing 

the procedure in two ways: 

 It permits to hypothetical the data and embody it explicitly- highlighting the thoughts and relations and not the words 

utilized to delineate them 

 Ontologies can provide their own inference purposes, permitting extra intelligent retrieval. For example "Jaipur city" is 

additionally a "Pink city", and an Ontology that defines the relations amid these concepts can reclaim one after the 

supplementary is queried. 

II. LEARNING FROM UNSTRUCTURED DATA 

Unstructured data is the most tough kind to discover from. It needs extra processing than the semi-structure data. The 

arrangements that have been counseled for discovering from free text, frequently depend on usual speech processors. A little 

arrangements utilized shallow text processing alongside statistical research like and others use a law established parser to 

recognize dependency relations amid words in usual language. 

In our survey we discovered out that NLP is public amid all techniques. Therefore, we categorize the disparate ways 

established on the method utilized in supplement to NLP. The early serving describes a arrangement that is an example of 

incorporating NLP alongside statistical way that uses the frequency count of noun and noun phrases in documents retrieved from 

the web to notice thoughts and taxonomical relations as employing shallow parser to remove noun phrases. The subsequent 
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serving describes a pure NLP system[2] that uses dependency syntax and parsers to notice the relation amid syntactic entities. 

The third serving describes a consolidated way that includes methods from disparate disciplines namely: Data Retrieval, Lexical 

database (WordNet), contraption discovering in supplement to computational linguistics. 

1) Statistical Approach 

2) Natural Language Processing Approach 

3) Data Mining Approach 

4) Web Content Mining Approach 

5) Integrated Approach 

III. ONTOLOGY BUILDING TOOLS 

A broad overview of some available editors and environments that can be used for the building of ontologies is provided. 

Comparison is done by considering different properties of editors. 

 Protégé 

Protégé is a free, open-source Java-based platform. It supports conception, visualization, and manipulation of ontologies in 

assorted representation formats. It can be customized to furnish domain-friendly prop for crafting vision models and going in 

data. Protégé can be spread via a plug-in design [3].  

 Apollo 

Apollo is user-friendly vision request that permits a user to ideal ontology alongside frank primitives, such as classes, instances, 

relation, purposes and so on. It can receive supplementary ontologies and their classes [4].  

 Swoop 

Swoop, 2004 is an open-source, Webbased OWL ontology editor and browser. Swoop permits analogy of entities and connection 

across assorted ontologies as well as editing and merging[5].  

 TopBraid Composer Free Edition 

TopBraid Composer is modeling instrument for conception and maintenance of ontology and comes in three editions: Free 

Edition (FE), Average Edition (SE) and Maestro Edition. It provides progress of RDF and OWL ontologies [6]. 

IV. ONTOLOGY CLUSTERING 

Currently for constructing ontologies development of Word net is necessary. Extremely slight work has been completed for 

growing ontology in Indian languages. The reason for this can be attributed to the fact that number of trials exists for the 

assembly of ontology for minority languages. One more reason is the lack of vision concerning disparate Indian languages. There 

is lot of work connected to ontology that will be completed in upcoming for disparate Indian minority tongues as the works or 

data sets, in these tongues will produce and come to be uniform as well. Upcoming work is needed for the enhancement in recall 

and precision of the retrieved documents employing ontology.  

Searching in the web is completed whichever employing find engines or web directories, every single possessing respected 

restrictions. One interesting example is if we find for” Matrix”, non-homogeneous aftermath fluctuating from mathematical 

matrix, Matrix movie and so on is returned. Semantic web is gave to vanquish such problems. The continuing find engines are 

keyword-based. The Web pages matching the given keyword are exceedingly ranked that paved method for Web spamming. 

Web spamming is the deed of instigating malicious bias to find engines so that the web pages are ranked far higher than they 

deserve. This leads to poor quality of find aftermath Accessing and removing vision from Web documents is critical for the 

realization of the Semantic Web and the ability of elevated vision services. Even nevertheless Web page annotations might 

enable buying such vision, annotations are scarce and in the adjacent upcoming will plausibly not be affluent or methodical 

plenty to cover all the vision encompassed in these documents. Manual annotation is impractical and unsalable, as automatic 

annotation instruments are yet in their infancy. Hence enumerated vision services could need instruments able to find and 

remove specific vision undeviatingly from unstructured text on the Web, accompanied by an ontology that features what kind of 

vision to produce. 

V. RELATED WORK 

Table – 1 

     Related Work in the field of Ontology Clustering 

S. 

no. 
Title Publisher Year Objective 

1. 
Ontology partitioning: 

Clustering based approach 

Soraya Setti Ahmed, Mimoun 

Malki, Sidi Mohamed 
2015 

They propose a revision and an enhancement of K-

means clustering algorithm. 
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Benslimane 

2. 

An Ontology Maintenance 

approach based on Collaborative 

information sources and 

Clustering techniques. 

Flávio Ceci, Fernando Benedet 

Ghisi, Denilson Sell, Alexandre 

LeopoldoGonçalves 

2015 

They propose integrating the WordNet ontology with 

bisecting K-means in order to utilize the semantic 

relation between words to enhance document clustering 

results. 

3. 

Design and implementation of 

information retrieval based 

ontology 

Lachtar Nadia  

Preparatory School for sciences 

and techniques, Annaba, Algeria 

2014 

The objective is to design two types of ontologies: 

document ontology reserved for storage of all 

pedagogical documents and domain ontology reserved 

for well-structured documents. 

4. 

Automatic Ontology 

-based Knowledge Extraction 

and Tailored Biography 

Generation from the web 

Harith Alani, Sanghee Kim, 

David Millard, Nigel R. 

Shadbolt 

2014 

To implement a system that searches the web and 

extracts knowledge about artists, based on an ontology 

describing that domain and stores this knowledge in a 

KB to be used for automatically producing tailored 

biographies. 

5. 

Ontology Development and 

Query Retrieval using Protégé 

Tool 

Vishal Jain, Dr. 

Mayank Singh 
2013 

To develop ontology on Computer Science & 

Engineering department using ontology editor named as 

Protégé 3.1. 

6 

Research and implementation of 

the personalized meta search 

engine based on Ontology 

Zhijun ZhangYunqing Li 2009 
To improve the efficiency of information retrieval by 

understanding the users needs. 

7. 

The peculiarities of the text 

document representation using 

ontology and tagging based 

clustering technique 

Marijus Bernotas, Kazys 

Karklius, Remigijus Laurutis, 

Asta Slotkienė 

2007 

They suggest to complement the traditional clustering 

method by document representation based on tagging 

and to improve the clustering results by using ontology. 

VI. EXISTING METHODOLOGIES 

Soraya Setti Ahmed, Mimoun Malki, Sidi Mohamed Benslimane [14] proposed an ontology partitioning system based on K-

means clustering algorithm. This work formed the foundation of this survey. The general workflow of the existing framework is 

shown in Figure 1. The ontologies are selected and pre-processing is performed. The output is forwarded for similarity measure 

computation. Later in the next phase clustering is performed firstly with K-means algorithm and then this algorithm is updated 

by incorporating similarity measures. Finally the formed clusters are forwarded to validation process where the clusters are 

validated with the help of reasoning tools like Pellet. 

 
Fig. 1: Existing Framework 

VII.  K-MEANS CLUSTERING 

1) Set K – To choose a number of desired clusters, K.  

2) Initialization – To choose k starting points which are used as initial estimates of the cluster centroids. They are taken as the 

initial starting values.  

3) Classification – To examine each point in the dataset and assign it to the cluster whose centroid is nearest to it.  

4) Centroid calculation – When each point in the data set is assigned to a cluster, it is needed to recalculate the new k 

centroids.  

5) Convergence criteria – The steps of (iii) and (iv) require to be repeated until no point changes its cluster assignment or until 

the centroids no longer move. 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Lachtar%20Nadia.QT.&newsearch=true
https://www.researchgate.net/profile/Harith_Alani2
https://www.researchgate.net/profile/Sanghee_Kim2
https://www.researchgate.net/profile/David_Millard
https://www.researchgate.net/researcher/2080616563_Nigel_R_Shadbolt
https://www.researchgate.net/researcher/2080616563_Nigel_R_Shadbolt
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Zhijun%20Zhang.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Zhijun%20Zhang.QT.&newsearch=true
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The actual data samples are to be collected before the application of the clustering algorithm. Priority has to be given to the 

features that describe each data sample in the database [7]. The values of these features make up a feature vector (Fi1, Fi2, 

Fi3,……….., Fim) where Fim is the value of the M dimensional space.  

VIII. FUZZY C-MEANS CLUSTERING 

Bezdek[16] gave Furry C-Means clustering method in 1981, spread from Hard C-Mean clustering method. FCM is an 

unsupervised clustering algorithm that is requested to expansive scope of setbacks related alongside feature research, clustering 

and classifier design. FCM is extensively requested in agrarian engineering, astronomy, chemistry, geology, picture research, 

health diagnosis, form research and target recognition. 

With the progress of the furry theory, the FCM clustering algorithm that is truly established on Furry clustering theory was 

counseled in 1980’s. This algorithm is utilized for research established on distance amid assorted input data points. The clusters 

are industrialized according to the distance amid data points and the cluster centers are industrialized for every single cluster. 

Infact, FCM is a data clustering method in that a data set is gathered into n clusters alongside every single data point in the 

dataset connected to every single cluster and it will have a elevated degree of fitting in (connection) to that cluster and one more 

data point that lies distant away from the center of a cluster that will have a low degree of fitting in to that cluster. 

 Algorithmic steps for Fuzzy C-Means clustering 

We are to fix c where c is (2<=c<n) and then select a value for parameter ‘m’ and there after initialize the partition matrix U(0). 

Each step in this algorithm will be labelled as ‘r’ where r = 0, 1, 2 … 

1) We are to calculate the c center vector {Vij} for each step. 

𝜈𝑖𝑗 =
∑ (𝜇𝑖𝑘)𝑚𝑥𝑘𝑗

𝑛
𝑘=1

∑ (𝜇𝑖𝑗)
𝑚𝑛

𝑘=1

 

2) Calculate the distance matrix D[10] 

𝐷𝑖𝑗 = (∑(𝑥𝑖𝑗 − 𝑣𝑖𝑗)
2

𝑚

𝑗=1

)

1 2⁄

 

3) Update the partition matrix for the rth step, U(R) as 

𝜇𝑖𝑗
𝑟−1 = (1

∑ (𝑑𝑖𝑘
𝑟 𝑑𝑗𝑘

𝑟⁄ )
2

𝑚−1⁄𝑐
𝑗=1

⁄ ) 

If ||U(k+1) -U(k)||<𝛿 then we are to stop otherwise we have to return to step 2 by updating the cluster centers iteratively and also 

the membership grades for data point. 

IX. BACKGROUND OF THE PSO ALGORITHM 

PSO was originally developed by Eberhart and Kennedy in 1995 [17], and was inspired by the social behavior of a bird flock. In 

the PSO algorithm, the birds in a flock are symbolically represented as particles. These particles can be considered as simple 

agents “flying” through a problem space. A particle’s location in the multi-dimensional problem space represents one solution 

for the problem. When a particle moves to a new location, a different problem solution is generated. This solution is evaluated by 

a fitness function that provides a quantitative value of the solution’s utility. 

The velocity and direction of each particle moving along each dimension of the problem space will be altered with each 

generation of movement. In combination, the particle’s personal experience, Pid and its neighbors’ experience, Pgd influence the 

movement of each particle through a problem space. The random values, rand1 and rand2, are used for the sake of completeness, 

that is, to make sure that particles explore wide search space before converging around the optimal solution. The values of c1 and 

c2 control the weight balance of Pid and Pgd in deciding the particle’s next movement velocity. For every generation, the particle’s 

new location is computed by adding the particle’s current velocity, V-vector, to its location, X-vector. Mathematically, given a 

multidimensional problem space, the ith particle changes its velocity and location according to the following equations: 

𝑣𝑖𝑑 = 𝑤 ∗ 𝑣𝑖𝑑 + 𝑐𝑖 ∗ 𝑟𝑎𝑛𝑑2 ∗ (𝑝𝑖𝑑 − 𝑥𝑖𝑑) + 𝑐2 ∗ 𝑟𝑎𝑛𝑑2 ∗ (𝑝𝑖𝑑 − 𝑥𝑖𝑑) 

𝑥𝑖𝑑 = 𝑥𝑖𝑑 + 𝑣𝑖𝑑  

where w denotes the inertia weight factor; pid is the location of the particle that experiences the best fitness value; pgd is the 

location of the particles that experience a global best fitness value; c1 and c2 are constants and are known as acceleration 

coefficients; d denotes the dimension of the problem space; rand1, rand2 are random values in the range of (0, 1). 

The inertia weight factor w provides the necessary diversity to the swarm by changing the momentum of particles to avoid the 

stagnation of particles at the local optima. The empirical research shows improvement of search efficiency through gradually 

decreasing the value of inertia weight factor from a high value during the search. 
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It requires each particle to record its current coordinate Xid, its velocity Vid that indicates the speed of its movement along the 

dimensions in a problem space, and the coordinates Pid and Pgdwhere the best fitness values were computed. The best fitness 

values are updated at each generation, based on following equation: 

𝑃𝑖(𝑡 + 1) = {
𝑃𝑖(𝑡)  𝑓(𝑋𝑖(𝑡 + 1)) ≤ 𝑓(𝑋𝑖(𝑡))

𝑋𝑖(𝑡 + 1)  𝑓(𝑋𝑖(𝑡 + 1)) > 𝑓(𝑋𝑖(𝑡))
 

Where the symbol f denotes the fitness function; Pi (t) stands for the best fitness values and the coordination where the value 

was calculated; and t denotes the generation step. 

It is probable to think the clustering setback as an optimization setback that locates the optimal centroids of the clusters rather 

than discovering an optimal partition. This think proposals us a chance to apply PSO optimal algorithm on the clustering 

solution. A counseled a PSO Ontology clustering algorithm. Contrary to the localized hunting in the K-means algorithm, the 

PSO clustering algorithm performs a globalized find in the whole resolution space. Employing the PSO algorithm’s optimal skill, 

if given plenty period, the PSO clustering algorithm we counseled might produce extra compact clustering aftermath from the 

Ontology datasets than the established K-means clustering algorithm. Though, in order to cluster the colossal Ontology datasets, 

PSO needs far extra iteration (generally extra than 500 iterations) to encounter to the optima than the K-mean algorithm does. 

Even though the PSO algorithm is inherently parallel and can be requested employing parallel hardware, such as a computer 

cluster, the computation necessity for clustering tremendously huge Ontology datasets is yet high. In words of killing period, the 

K-means algorithm is the most effectual for the colossal dataset. The K-means algorithm inclines to encounter faster than the 

PSO, but it normally merely finds the innate maximum. Therefore, we face a dilemma considering selecting the algorithm for 

clustering a large Ontology dataset. Center on this reason, we counseled a hybrid PSO+K-means Ontology clustering algorithm. 

X. HYBRID PSO+K-MEANS ALGORITHM 

In the combination of PSO+K-means algorithm, the multidimensional Ontology vector space is modeled as a setback space. 

Every single word in the Ontology dataset embodies one dimension of the setback space. In the combination of PSO+K-means 

algorithm, the multidimensional Ontology vector space is modeled as a setback space The finished Ontology dataset can be 

embodied as a several dimension space alongside a colossal number of spots in the space. The hybrid PSO+Kmeans algorithm 

has two modules named as PSO module and K-means module. At the early period, the PSO module is given  to find the clusters’ 

centroid locations. These centroid locations are transferred to the K-means module for refining and producing the final optimal 

clustering resolution. 

 The PSO Module 

A single element in the swarm represents one possible solution for clustering the Ontology. Thus, a swarm represents a number 

of candidate clustering solutions for the Ontology collection. Each element maintains a matrix Xi = (S1, S2, …, Si, .., Sk), where 

Si represents the ith cluster’s centroid vector and k is the cluster number. With each iteration, the particle adjusts the centroid 

vector’ position in the vector space. The average distance between the centroid of the cluster and an ontology is used as the  

fitness value to verify the solution represented by each particle. The fitness value is measured by the equation below equation: 

𝑓 =

∑ {
∑ 𝑑(𝑜𝑖 , 𝑚𝑖𝑗)

𝑝𝑖
𝑗=1

𝑝𝑖
}

𝑁𝑐
𝑖=1

𝑁𝑐

 

Where mij depicts the jth Ontology vector, which is a part of cluster i; Oi is the centroid of ith cluster; d(oi, mij) is the distance 

between Ontology mij and the centroid Oi., Pi stands for the Ontology number, which belongs to cluster Ci; Nc stands for the 

cluster number. 

 The K-Means Module 

The K-means module will accept the result of PSO module as the initial clustering centroids and will start finding the optimal 

centroids for obtaining the final results. The K-means module can be summarized as: 

1) Taking cluster centroid vectors from the PSO module as input.  

2) Assigning each Ontology vector to its closest cluster centroids.  

3) Recalculating the cluster centroid vector cj using equation:. 

𝐶𝑗 =
1

𝑛𝑗

∑ 𝑑𝑗

∀𝑑𝑗∈𝑆𝑗

 

Where dj denotes the Ontology vectors that belong to cluster Sj; cj stands for the centroid vector; nj is the number of Ontology 

vectors belong to cluster Sj.  

4) Repeating step 2 and 3 until the cohesiveness is achieved. 

In the combination of PSO+K-means algorithm, the ability to search globally of the PSO algorithm and the rapid convergence 

of K-means algorithm are interleaved. The output of PSO is used as the input of the K-means algorithm, which is applied for 

obtaining the final results that are optimal. 



Survey on the Methodologies for Ontology Clustering and their Optimization Techniques  
(IJIRST/ Volume 3 / Issue 03/ 014) 

 

 
All rights reserved by www.ijirst.org 79 

XI. FUZZY PSO 

The fuzzy PSO, a generalization of PSO, which differs from standard PSO in only one respect that is in each neighborhood, 

instead of only single best particle in the neighborhood being allowed to influence its neighbors, multiple particles in 

neighborhood can be allowed to influence others to a degree that depends on its degree of charisma, where charisma is a fuzzy 

variable.  

This algorithm is the hybrid of Fuzzy C-Means and PSO algorithm. This hybrid technique has been applied for many 

clustering problems in our daily lives such as computer forensics, market segmentation, clustering infrared images etc. This 

algorithm is composed of the following steps:   

 Step 1: [FCM module]  

Select initial clusters.  

 Step 2: Repeat  

 Compute centroid 

 Compute degree of membership for each data point (document). 

 Calculate objective function.  

 Step3: Until objective function does not exceed the threshold value ξ. 

 Step 4: [PSO Module] 

Run PSO on initial clusters generated by FCM   

 Initialize the Particles (Clusters).  

 Initialize maximum iterations (max_Iterations=10).  

 Initialize clusters to input data.  

 Evaluate fitness value and accordingly find best position.  

 Step 5: Iterate the Swarm and find the winning particles (The winner particles correspond to centroids to which the input 

pattern i has the maximal membership degree.)  

-Update Velocity and Position. 

 Step 6: Evaluate the strength of Swarm 

 Iterate Generation. 

 Consume weak particles. 

 Recalculate the position . 

 Step 7: Exit on reaching terminating condition (maximum number of iterations). 

XII. CONCLUSION AND FUTURE SCOPE 

Ontology clustering is a good solution to vanquish trials of colossal ontologies such as reusability, scalability, intricacy and 

maintenance. Ontology partitioning is motivated by the setback of dealing alongside colossal and extremely convoluted 

ontologies by decomposing them into modules. The setback is that processing colossal ontologies consumes extra period and 

space than processing merely portions of ontologies. In this paper, we counsel various clustering algorithms in order to 

decompose the ontologies. The need of optimizing the produced clusters is also realized. For assessing and computing the quality 

of the partitions produced certain assessing supplementary external validity measures like F-measure, entropy and Overall 

similarity can be included and worked upon. Finally, upcoming work additionally will be to examine algorithms that are hybrid 

of clustering algorithms and optimization algorithm. 
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