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Abstract - All clustering methods have to assume some cluster relationship among the data objects that they are
applied on. Similarity between a pair of objects can be defined either explicitly or implicitly. In this paper, we
introduce a novel multi-viewpoint based similarity measure and two related clustering methods. The major difference
between a traditional dissimilarity/similarity measure and ours is that the former uses only a single viewpoint, which
is the origin, while the latter utilizes many different viewpoints, which are objects, assumed to not be in the same
cluster with the two objects being measured. Using multiple viewpoints, more informative assessment of similarity
could be achieved. Theoretical analysis and empirical study are conducted to support this claim. Two criterion
functions for document clustering are proposed based on this new measure. We compare them with several wellknown clustering algorithms that use other popular similarity measures on various document collections to verify the
advantages of our proposal.
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I. INTRODUCTION
Clustering is the classification of objects into different groups, or more precisely, the partitioning of a data set
into subsets (clusters), so that the data in each subset (ideally) share some common trait - often proximity according to
some defined distance measure. Data clustering is a common technique for statistical data analysis, which is used in
many fields, including machine learning, data mining, pattern recognition, image analysis and bioinformatics. The
computational task of classifying the data set into k clusters is often referred to as k-clustering.Besides the term data
clustering (or just clustering), there are a number of terms with similar meanings, including cluster analysis, automatic
classification, numerical taxonomy, botryology and typological analysis. Document clustering aims to group, in an
unsupervised way, a given document set into clusters such that documents within each cluster are more similar between
each other than those in different clusters. It is an enabling technique for a wide range of information retrieval tasks such
as efficient organization, browsing and summarization of large volumes of text documents. Cluster analysis aims to
organize a collection of patterns into clusters based on similarity. Clustering has its root in many fields, such as
mathematics, computer science, statistics, biology, and economics.
In different application domains, a variety of clustering techniques have been developed, depending on the
methods used to represent data, the measures of similarity between data objects, and the techniques for grouping data
objects into clusters. Document clustering techniques mostly rely on single term analysis of the document data set, such
as the Vector Space Model. To achieve more accurate document clustering, more informative features including phrases
and their weights are particularly important in such scenarios. Document clustering is particularly useful in many
applications such as automatic categorization of documents, grouping search engine results, building taxonomy of
documents, and others. For this Hierarchical Clustering method provides a better improvement in achieving the result.
Our project presents two key parts of successful Hierarchical document clustering. The first part is a document
index model, the Document Index Graph, which allows for incremental construction of the index of the document set
with an emphasis on efficiency, rather than relying on single-term indexes only. It provides efficient phrase matching that
is used to judge the similarity between documents. This model is flexible in that it could revert to a compact
representation of the vector space model if we choose not to index phrases. The second part is an incremental document
clustering algorithm based on maximizing the tightness of clusters by carefully watching the pair-wise document
similarity distribution inside clusters. Both the phases are based upon two algorithmic models called Gaussian Mixture
Model and Expectation Maximization. The combination of these two components creates an underlying model for robust
and accurate document similarity calculation that leads to much improved results in Web document clustering over
traditional methods.
II. EXISTING SYSTEM
HFTC greedily picks the next frequent item set which represent the next cluster to minimize the overlapping between the
documents that contain both the item set and some remaining item sets. Fig. 1 shows Web browser with many tabs open.
In other words, the clustering result depends on the order of picking up the item sets, which in turns depends on the
greedy heuristic. This method does not follow a sequential order of selecting clusters. Instead, we assign documents to
the best cluster.
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Fig: 1 Web browser with many tabs open
III. PROPOSED SYSTEM
The main work is to develop a novel hierarchal algorithm for document clustering which provides maximum efficiency
and performance. It is particularly focused in studying and making use of cluster overlapping phenomenon to design
cluster merging criteria. Fig. 2 shows clustering of web pages into single window.
Proposing a new way to compute the overlap rate in order to improve time efficiency and “the veracity” is mainly
concentrated. Based on the Hierarchical Clustering Method, the usage of Expectation-Maximization (EM) algorithm in
the Gaussian Mixture Model to count the parameters and make the two sub-clusters combined when their overlap is the
largest is narrated. Experiments in both public data and document clustering data show that this approach can improve
the efficiency of clustering and save computing time.
Given a data set satisfying the distribution of a mixture of Gaussians, the degree of overlap between components affects
the number of clusters “perceived” by a human operator or detected by a clustering algorithm. In other words, there may
be a significant difference between intuitively defined clusters and the true clusters corresponding to the components in
the mixture

Fig. 2.clustering of web pages into single window
IV. IMPLEMENTATION
Despite their popularity, most of the current unstructured P2P content distribution systems suffer from certain
serious limitations. One such limitation is their simple, on demand mechanism for content discovery. Peers in these
systems discover data items by circulating queries within the overlay network. A peer receiving a query responds back to
the initiating node if it has any matching content. Upon processing a query, the recipient node removes it from its local
buffers1. Thus, a query expires after it completes its circulation within the network. In other words, the network forgets
the queries once they have completed their circulation. For clarity purposes, we call this the ad hoc query model, and we
refer to the queries as ad hoc queries.
We present a scalable and effective middleware, called CoQUOS, for supporting continuous queries in unstructured
overlay networks. Besides being independent of the overlay topology, Co QUOS preserves the simplicity and flexibility
of the unstructured P2P network. Our design of the Co QUOS system is characterized by two novel techniques, namely
cluster-resilient random walk algorithm for propagating the queries to various regions of the network and dynamic
probability-based query registration scheme to ensure that the registrations are well distributed in the overlay. Further, we
also develop effective and efficient schemes for providing resilience to the churn of the P2P network and for ensuring a
fair distribution of the notification load among the peers. This paper studies the properties of our algorithms through
theoretical analysis. We also report series of experiments evaluating the effectiveness and the costs of the proposed
schemes.
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Fig. 3. Design Layout
(1) Initializing the weights parameters.
(2) Using the EM algorithm to estimate their means and covariance.
(3) Grouping the data to classes by the value of probability density to each class and calculating the weight of each class.
(4) Repeat the first step until the cluster number reaches the desired number or the largest OLR is smaller than the
predefined threshold value. Go to step 3 and output the result. A distinctive element in this algorithm is to use the overlap
rate to measure similarity between clusters.
Implementation is the stage of the project when the theoretical design is turned out into a working system. Thus
it can be considered to be the most critical stage in achieving a successful new system and in giving the user, confidence
that the new system will work and be effective.
The implementation stage involves careful planning, investigation of the existing system and it’s constraints on
implementation, designing of methods to achieve changeover and evaluation of changeover methods as shown in Fig. 3.
HTML Parser
 Parsing is the first step done when the document enters the process state.
 Parsing is defined as the separation or identification of meta tags in a HTML document.
 Here, the raw HTML file is read and it is parsed through all the nodes in the tree structure.
Cumulative Document
 The cumulative document is the sum of all the documents, containing meta-tags from all the documents.
 We find the references (to other pages) in the input base document and read other documents and then find
references in them and so on.
 Thus in all the documents their meta-tags are identified, starting from the base document.
Document Similarity
 The similarity between two documents is found by the cosine-similarity measure technique.
 The weights in the cosine-similarity are found from the TF-IDF measure between the phrases (meta-tags) of the
two documents.
 This is done by computing the term weights involved.
 TF = C / T
 IDF = D / DF.



D  quotient of the total number of documents
DF  number of times each word is found in the entire corpus
C  quotient of no of times a word appears in each document
T  total number of words in the document
TFIDF = TF * IDF

Clustering
 Clustering is a division of data into groups of similar objects.
 Representing the data by fewer clusters necessarily loses certain fine details, but achieves simplification.
The similar documents are grouped together in a cluster, if their cosine similarity measure is less than a specified
threshold
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V. RESULTS
The clustering approach proposed here is an incremental dynamic method of building the clusters. An overlapped cluster
model is adopted here. The key concept for the similarity histogram-based clustering method is to keep each cluster at a
high degree of coherency at any time .Representation of the coherency of a cluster is called as Cluster Similarity
Histogram.
Fig. 4 shows Cluster Similarity Histogram which is a concise statistical representation of the set of pair-wise
document similarities distribution in the cluster. A number of bins in the histogram correspond to fixed similarity value
intervals. Each bin contains the count of pair-wise document similarities in the corresponding interval. The below graph
shows a typical cluster similarity histogram, where the distribution is almost a normal distribution. A perfect cluster
would have a histogram where the similarities are all maximum, while a loose cluster would have a histogram where the
similarities are all minimum.

Fig. 4. Performance analysis
VI. CONCLUSIONS
Given a data set, the ideal scenario would be to have a given set of criteria to choose a proper clustering algorithm to
apply. Choosing a clustering algorithm, however, can be a difficult task. Even ending just the most relevant approaches
for a given data set is hard. Most of the algorithms generally assume some implicit structure in the data set. One of the
most important elements is the nature of the data and the nature of the desired cluster. Another issue to keep in mind is
the kind of input and tools that the algorithm requires. This report has a proposal of a new hierarchical clustering
algorithm based on the overlap rate for cluster merging. The experience in general data sets and a document set indicates
that the new method can decrease the time cost, reduce the space complexity and improve the accuracy of clustering.
Specially, in the document clustering, the newly proposed algorithm measuring result show great advantages. The
hierarchical document clustering algorithm provides a natural way of distinguishing clusters and implementing the basic
requirement of clustering as high within-cluster similarity and between-cluster dissimilarity.
FUTURE WORKS
In the proposed model, selecting different dimensional space and frequency levels leads to different accuracy
rate in the clustering results. How to extract the features reasonably will be investigated in the future work. There are a
number of future research directions to extend and improve this work. One direction that this work might continue on is
to improve on the accuracy of similarity calculation between documents by employing different similarity calculation
strategies. Although the current scheme proved more accurate than traditional methods, there are still rooms for
improvement.
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