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Abstract— There are many real networks that are closely formed according to a community network. Many 

researchers have devoted their research efforts to develop algorithms and methods that can efficiently find the 

hidden pattern in the network which is called community. As there are different kinds of networks having different 

level of complexity and each may contain different properties, each algorithm in literature holds some of these 

properties and has different definition of community. As per the definitions provided and algorithms used, only part 

of the features of real communities gets extracted. Objective of this paper is to find different community detection 

techniques that are already available, analyze them and find the problem in these algorithms. Objective of paper is to 

categorize the different community discovery methods on the basis of properties these algorithms contain. The 
classification is also helpful in further research in community detection. 
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I. INTRODUCTION 

With the growth of technology application of graph data structure is also grow and now a day there is no any area 

in computer science where graphs are not used .Graphs are widely used in data mining, social networking sites, 

scheduling the processes by operating system, in networking for finding shortest path and lot. These graphs 

contain vertices that belong to a user and edges shows relationship between the different users. These nodes 

combine with other nodes to form a community. So, it can be called that these networks have large number of 

communities. These social networks may be sliced into different parts of communities that have higher links 

inside each part or group, but lesser links to outside of the other part. The inference of communities in these large 
social networks is a problem of discussion in this area. Therefore a large number of researchers have proposed 

techniques to detect communities in the related work. 

 Most of these Community inference techniques are static and run on static networks. These networks are not 

always static because they evolve very frequently. New users may join the network or the old one may get 

removed from the network or graph within seconds. In other words, old connections in the map may be removed 

or new connections may be inserted to the graph with time. These types of networks may call as highly dynamic 

in nature. For example, social media websites like Twitter, Facebook and LinkedIn are highly dynamic in nature. 

Insertion or removal of a connection or a user from a graph or social network which has billions of connections 

may seem insignificant, but when insertion or removal of a connection or a node happen very fast, then difference 

in existing community structure of the graph become very important. This modification in the network structure 

increases the need of again running the community detection methods in the network to detect newly formed 
communities. This requirement arises fast and again and again and creates problem in the detection of 

communities. So this problem needs a fast solution for detecting the communities in networks which is dynamic. 

The solution that we think for this Detection of communities in dynamic and very large networks problem is to do 

processing of static community inference techniques defined in related work many times by the different 

researchers to find new community structure when a change occur in the network. But, this solution will take 

huge time as we have to run the algorithm frequently whenever a change occur in the network i.e. whenever a 

new node get added or the old user leave the network. A more efficient, less complex and less time taken solution 

is to execute the technique for community detection not from the starting point but from the point where we have 

stored in a log file after the previous execution, in which information about the previous community results 

stored. Changing old discovered community structure on the place of trying to find new communities from 

starting every time the network get changed consumes very less time as compare to the previous one and 

algorithm become more efficient.  
In this paper we have surveyed different algorithm already proposed by different researchers, how these 

algorithms are different from each other and how these algorithms can be used on dynamic social network. 

Algorithms detect the community on the basis of density, Vertex similarity, actions of the user and influence 

propagation. These all algorithms detect the communities by considering different kind of parameters. In this 

paper we described all the proposed algorithms on the basis of community detection basis and parameters used by 

the algorithm. 
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II. RELATED WORK 

There are many algorithms proposed by different researchers for community detection. Some researchers 

proposed core methods which work on quality functions which divide network into communities such as 

Newman's technique, clustering algorithms, and many more. While, it is also possible that node in social network 

can belong to more than one community. That‟s why many researchers have moved their study path to designing 

different techniques of overlapping community inference. With the growth of social networks, the networks are 

getting becoming more complex. Previous techniques of community detection are depending on dividing the 

network into multiple parts called groups which costs more when graph is large and complex. So researchers 

moved to do research on local community detection. In this, we will try to introduce algorithms related to 

community detection. The algorithms are classified into different classes which show the evolution of the 

research on community detection. 

 

A. Community Detection Algorithms for static network 
 

Community Detection on the basis of partitioning 

Partitioning based techniques have used in the past by the researchers to divide the network into groups in such a 

way that these groups have less connections. The Kernighan Lin technique for network dividing was earliest 

technique to partition a network. It divides the nodes of a network into different subsets of provided sizes to 

minimize the cost on edge cuts. A limitation of this technique is before execution number of groups needs to 

define. The technique is good as worst case time complexity is O(n2). Newman decreases the mostly used 

maximum likelihood method to detect community to a group of different techniques, where every technique is 

providing solution to partitioning problem [47]. It explains that two major needed community detection 

techniques or its degree corrected variant may be same on various different problems of graphs partitioning. This 

is shown by using the Laplacian spectral partitioning method to find Community detection [26]. 
 

Clustering based Community Detection 

 

Community detection algorithms are mainly used for finding the communities. Clustering is foundation of 

community detection algorithms. Girvan and Newman had played a main role in clustering based community 

detection techniques. Girvan and Newman proposed a technique which depends on betweenness of edge for a 

network with a connection having no direction and weight. The technique based on communities which have 

most connections, and communities are constructed by deleting these connections from the network [18].  

The Girvan Newman technique is extended by many researchers and used on various different graphs. Rattigan et 

al. proposed the indexing technique to improve complexity of Girvan Newman technique [46]. Chen et al. 

improved the Girvan Newman technique to partition network which is weighted [13]. Pinney et al. proposed a 

technique that acquire the Girvan Newman technique for the dividing the graph [58]. 
Newman and Girvan given a parameter called modularity to check the quality of partitions or groups. The 

parameter of modularity accepted and examined by authors to check the goodness of Community detection 

technique where high modularity means that better community.  

Newman has worked on maximizing of modularity so that forming different communities tends to highest 

modularity. The change after joining two communities in modularity defined as Q = eij + eji − 2aiaj = 2(eij − aiaj) 

and it can be find in fixed time and therefore it is faster to execute as compare to other techniques like Girvan 

Newman technique.  

Greedy optimization technique of modularity is used by Clauset et al. to find groups from large networks. From a 

network with k connections and r nodes, the technique has complexity of (km log r) , where „m‟ represents the 

depth of the dendrogram [14]. For sparse networks, the complexity of algorithm is (r log2 r). 

An iterative algorithm introduced by Blondel et al. called Louvain method. In this algorithm two phases exists. In 
first phase, vertices are assigned in different groups, and then, modularity gain of node moving from one 

community or group to other evaluated[12]. A node is assigned to a particular community having maximum 

modularity gain in this movement. In the second part communities originated in the first part are act as node or 

user, and the weight of connection is calculated. The technique reduces the time complexity of the Girvan 

Newman method. Time complexity of this is O(m) [12]. Simulated annealing is used by Guimera et al. for 

optimizing the modularity and he shown that determining the energy of a spin system at ground state and 

calculating the modularity of a network is same. Additionally, the researcher showed that modular network get 

rise due to the stochastic network model and fluctuations [59]. To improve modularity Zhou et al. attempted 

simulated tempering which introducing the new method of inter connection and intra connection.

 

Table 1 Shows different clustering based algorithms form community detection with detail of Reference 

Number, approach used, parameters used to check goodness, Tools used and limitation of algorithm. 
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TABLE 1.    COMMUNITY DETECTION ON THE BASIS OF CLUSTERING.

 

Detection of Communities in Dynamic Networks 

Dynamic networks like networks on social networking sites evolve exponentially. There are very less algorithms 

or research done on this field as compare to static network.  
Bansal et al. have proposed two approaches for the data which depends on online community detection which 

changes very fast with time and on the community in which changes are not very fast and known before called 

offline community detection [62]. Depending on social interactions between the different nodes in the network 

Wolf et al. have proposed computational and mathematical formulation to analyze the dynamic communities [9]. 

Tantipathananandh et al. has formulated three functions of cost namely, g-cost, i-cost and c-cost and made 

assumptions about the relationships and behavior of an individual in the network and also deployed a heuristics 

based and Graph coloring based approach [63]. 

Lin et al. proposed a framework named as FacetNet that search the dynamic communities which are evolving in 

the network and covers to a minimal solution [27]. Palla et al. have proposed CPM algorithm which he have 

proposed after doing an experiment on two and large networks of phone call and collaboration network to find the 

dependencies [41]. Auto correlation function and a stationary parameter is used by them to find  
 

overlapping between different stages of a community.  

Representation of the dynamic graph as aggregation graph of time is done by Greene et al. and they have given a 

heuristic algorithm to discover the communities from the dynamic network. These time step communities act as 

the dynamic communities for a particular time. The algorithm given by them is first of all try to discover static 

communities from the network and in subsequent iteration it search for dynamic communities. They used 

standard dataset to do this experiment [19]. 

Bansal et al. gave the algorithm which is based on deletion and insertion of connections in the graph [62]. Clauset 

et al. proposed a community detection algorithm which worked on modularity based technique of greedy 

agglomerative [14]. Louvain method is improved by this technique to detect the community in dynamic networks 

[21]. Main functionality of algorithm is it uses communities of t-1 time to detect the communities of time t. Power 

law distribution is used by an approximation algorithm proposed by Dinh et.al. which named as Adaptive 
Approximation Algorithm for community detection [15].Disjoint community structure in dynamic social 

networks identified by Nguyen et al. Quick Community Adaptation (QCA), framework based on adaptive 

modularity is proposed. The growth of dynamic graph is traced by this technique [15].A two steps community 

detection approach has been proposed by Takaffoli et al. In first step using weighted bipartite graph different 

Reference 
Number 

Approach Parameters Tools Used Complexity 

[35]-[38] 
Maximization of 

modularity 

Eigen Value, Modularity 

and Eigen vector 
MapReduce O(n2log n) 

[18] Divisive clustering Edge betweenness MapReduce O(n3) 

[14] 
Modularity based on 

Greedy optimization 

Vertices, Edges,  

modularity 

C Compiler 

with MakeFile 
O(n log2 n) 

[12] Hierarchical clustering 
Edges, Nodes, 

modularity 

Gephi / 

NetworkX 
O(n) 

[59] 
Optimizing Modularity by  

simulated annealing 

No. of partitions, 

modules, modularity 
Matlab O(n2 log2 n) 

[60] 
Optimizing Modularity by 

external optimization 

Links, No. of nodes, 

modularity, degree, 
Radatools O(n2 log2 n) 

[39] 
Clustering based on 

Entropy centrality 

Markov process of 

transition probability matrix 
C++ Compiler O(nk2) 

[61] 
Random walk and 

Consensus clustering 

length of random walks, 

similarity matrix 
MapReduce O(n2log n) 
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communities are matched which are extracted on different instances. Thenin next step a meta community derived 

from the similarity based pattern find in first step [64]. 

 

TABLE 2.  COMMUNITY DETECTION IN DYNAMIC NETWORK 

 

Reference 
Number 

Approach Parameters Tool Used 

[9] Mathematical framework meta group records C Compiler 

[62] Greedy agglomerative Edges, Nodes C Compiler 

[63] Heuristics,Coloring problem, 
C-cost, individual cost, 

group cost, 
MatLab 

[27] Iterative algorithm 
Temporal cost and 

Snapshot cost 
FacetNet 

[41] Joint graphs 
Stationary parameter, 

Auto-correlation 
GA-Net 

[19] Step communities Time t MapReduce 

[21] 
Louvainalgorithm with 

dynamicity 
Time t C++ Compiler 

[15] 
Maximizing the modularity 

fordynamic networks 

Modification in snapshot 

of graph 
MapReduce 

[15] Adapting quick community Edges, Nodes GA-Net+ 

[64] 
Events like split, survive, 

dissolve,combine, and form 
Similarity in community MatLab 

[65] 
Quasi clique  by clique, Nano 

communities 

snapshot cost ,Temporal 

cost 
MOGA-Net 

[66] Spectral clustering 
Snapshot cost, Temporal 

cost 
RanCon 

[67] 
Multi-objective genetic 

algorithm 
NMI, Community score ACSM 

[65] Two-stage clustering 
General similarity, Cosine 

similarity 
MatLab 

 

III. APPLICATIONS OF COMMUNITY DETECTION 

 

With the exponential growth in social networking Sites and networks it becomes very difficult to understand and 

imagine the network. Communities can act as description of the whole network. Detection of these communities 

can play a vital role in the various fields as described below: 

 

 Social Media Communities 

 
With the growth in social networking sites and users on the sites focus of the site is expanding and modifying. 

Community detection techniques are used to do the sentiment analysis of users on a particular tweet or re-tweet. 

These algorithms are used to analyze the communities to do marketing of the products to a particular community 

which is more interested in that particular product. These algorithms are used to find the behavior of users or 

interest of user in different fields. 



THINK INDIA JOURNAL                                                    ISSN: 0971-1260 

                                                                                                                                                              Vol-22-Issue-16-August-2019 

 

P a g e  | 3925  Copyright ⓒ 2019Author 

 

 Analysis in Citation Network 

Citation networks are created by researchers which show relation between a research publication and different 

researchers which belong to that paper or topic. In this network paper represent a single topic on which all the 

researchers are working. Detection of these communities helps in finding research topics and number of 
researchers which are working on that topic.

 

 
 

     Fig. 1.   Shows distribution of articles published on Community Detection in last 21 Years. 

 

IVCONCLUSION 

With the growth of Social Networks this area become area having very vast potential of research to find more 

better and fast algorithms for community detection. In this paper basic partition based, clustering based 

algorithms for static networks and some algorithms available in literature for detecting the communities in 

dynamic network are presented. Use of community detection algorithms provides the need of research in this 

field. Information provided by community detection may be helpful in development, commercialization and in 
education. Detail of different parameters and measures used by different algorithms is presented in this paper. 
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