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Abstract 

We propose a parallel high-dimensional index structure for content-based information 

retrieval so as to cope with the linear decrease in retrieval performance. In addition, we devise data 

insertion, range query and k-NN query processing algorithms which are suitable for a cluster-based 

parallel architecture. Finally, we show that our parallel index structure achieves good retrieval 

performance in proportion to the number of servers in the cluster-based architecture and it 

outperforms a parallel version of the VA-File. To address the demanding search needs caused by 

large-scale image collections, speeding up the search by using distributed index structures, and a 

Vector Approximation-file (DVA-file) in parallel 

Keywords: KNN- search, distributed indexing structure, high Dimensionality 

 

1. Introduction 

The need to manage various types of large scale data stored in web environments has drastically 

increased and resulted in the development of index mechanism for high dimensional feature vector 

data about such a kinds of multimedia data. Recent search engine for the multimedia data in web 

location may collect billions of images, text and video data, which makes the performance 

bottleneck to get a suitable web documents and contents. Given large image and video data 

collections, a basic problem is to find objects that cover given information need. Due to the huge 

amount of data, keyword based techniques are too expensive, requiring too much manual 

intervention. In contrast, a content-based information retrieval (CBIR) system identifies the images 

most similar to a given query image or video clip. 
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2. Background and Related Works 

 

There is an underlying need of indexing techniques that should support execution of similarity 

queries. A web search engine that provides the contents-based retrieval upon the multimedia data 

requires complex distance functions to measure similarities of multi-dimensional features, to 

search a data based on the user query. 

 
Nearest Neighbor Search  
 
Nearest neighbor search has been studied in the last decade. Each object is represented by a feature 

vector with high-dimension. Given a new object’s features, the result is to find the existing object 

which has the closest feature vector according to distance measure. More formally speaking, given 

a set of n points  P = {p1, ..., pn} in a metric space X with distance function d, preprocess P so as 

to efficiently answer queries for finding the point in P closest to a query point q  X. 

 

Hybrid Spill-Trees 

 A spill-tree is a improved version of metric trees in which the children of a node can spill over 

onto each other and share objects between left and right children. Upon the partition procedure of 

metric trees, the data points in a metric tree are disjoint. Unlike metric trees, the spill tree node can 

share data objects between two children. 

3. Overall Procedure 
 

The high dimensional data space is transformed into a Distributed vector approximation tree in our 

method. In this construction step, the tree just considers sampled feature data from the original 

high dimensional data space.  

The leaf node which should be accommodated in a distinct machine has a local signature file for 

the corresponding range of original feature vector. Thus we can support the parallel search through 

the leaf nodes and ensure the efficient response for the contents-based retrieval. 

The fig represents the process of proposed system. Using the diagram algorithm also explained in 

the form of  
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Data searching 

The index should be deployable over multiple nodes in cluster environments. The index should 

require no special tuning of parameters required for each specific dataset. The set of candidates 

retrieved by the index should contain the most similar objects to the query. 

 The number of candidates retrieved must be as small as possible, to reduce I/O and computation 

costs. On the other hand, most multi-dimensional indexing structures have an exponential 

dependence upon the number of dimensions. In recognition of this, a VA-file [9] was developed 

to accelerate the scan through the feature vectors. The VA-file consists of two separated files: the 

vector file containing the feature vectors, and the approximation file containing a compressed 

representation of each feature vector. 

 

DVA – tree 

data 
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Structure of the DVA-tree 

 
4. EXPERIMENTAL RESULTS 

 
The performance is evaluated using the average execution time and accuracy of a k-NN search 

over 10 different queries. We compare the Performance of the DVA-tree with that of the distributed 

hybrid spill-tree [8] because the distributed hybrid spill-tree is a recent indexing structure based 

on a cluster environment. The distributed hybrid spill-tree and DVA-tree algorithms were 

developed using the M-tree C++ package.  This is to construct a similar query execution 

environment as the Map Reduce operations for the nearest neighbor search in order to emulate a 

larger configuration of data server. 

For a fair performance comparison, the top trees of the DVA-tree built on same sample data, and 

all the indexing structures have the same number of index servers.  

The DVA-tree outperforms the distributed content based-tree in terms of execution time as the 

number of data increases.  

This is due to the fact that local index servers in the DVA-tree utilize the VA-file technique without 

any processing overhead of the directory of the tree.  
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Data uploading speed 

 

High dimensional index structure 

Most of the distributed high-dimensional indexing structures provide a reasonable search 

performance especially when the dataset is uniformly distributed. However, in case when the 

dataset is clustered or skewed, the search performances gradually degrade as compared with the 

uniformly distributed dataset. 

A method of improving the k-nearest neighbor search performance for the distributed vector 

approximation-tree based on the strongly clustered or skewed dataset. The basic idea is to compute 

volumes of the leaf nodes on the top-tree of a distributed vector approximation-tree and to assign 

different number of bits to them in order to assure an identification performance of vector 

approximation. In other words, it can be done by assigning more bits to the high-density clusters.  

We conducted experiments to compare the search performance with the distributed hybrid spill-

tree and distributed vector approximation-tree by using the synthetic and real data sets. The 

experimental results of our proposed scheme provides consistent results with significant 

performance improvements of the distributed vector approximation-tree for strongly clustered or 

skewed datasets. 
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Searching time in dataset. 

 

5. K-D-B ALGORITHM 

 K-D-B-tree is to provide the search efficiency of a balanced k-d tree, while providing the block-

oriented storage of a B-tree for optimizing external memory accesses. K-D-B-tree may require the 

splitting of a page in the case of a page overflow, it is important to first define the splitting 

operation. The structure of the K-D-B tree contains two types of pages: 

Region pages: A collection of (region, child) pairs containing a description of the bounding region 

along with a pointer to the child page corresponding to that region. 

Point pages: A collection of (point, location) pairs. In the case of databases, location may point 

to the index of the database record, while for points in k-dimensional space, it can be seen as the 

points coordinates in that space. 

Page overflows occur when inserting an element into K-D-B-tree results in the size of a node 

exceeding its optimal size. Since the purpose of the K-D-B-tree is to optimize external memory 

accesses like those from a hard-disk, a page is considered to have overflowed or be overfilled if 

the size of the node exceeds the external memory page size. 
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K-D-B-Tree algorithm used to searching the side to be divided (dimension of subdivision), and 

the calculation of the subdivision value according to this dimension. 

The Dimension of subdivision and the Value of subdivision are defined as follows: 

- Dimension of subdivision: the subdivision is carried out according to the dimension having the 

maximum of data dissemination, i.e. the dimension that corresponds to the greatest difference 

between the vectors components. 

- Value of subdivision: it is the value of quantification nearest to the median value according to 

the dimension of subdivision. 

Algorithm  

Conventional index structures provide various nearest-neighbor search algorithms for high-

dimensional data, there are additional requirements to increase search performances, as well as to 

support index scalability for large-scale datasets. To support these requirements, in this paper we  

Distributed high-dimensional index structure based on cluster systems, called a Distributed Vector 

Approximation-tree (DVA-tree), which is a two-level structure consisting of a hybrid spill-tree 

and Vector Approximation files (VA-files). We also describe the algorithms used for constructing 

the DVA-tree over multiple machines and performing distributed k-nearest neighbors (NN) 

searches. To evaluate performances of the DVA-tree, we conduct an experimental study using both 

real and synthetic datasets. The results show that our proposed method has significant performance 

advantages over existing index structures on different kinds of dataset. 

 

 

6. CONCLUSION 

The basic structure of K-D-B Tree 
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The design of a new high dimensional indexing scheme, called a DVA-tree, to solve the distributed 

k-nearest neighbor search problem over large scale high-dimensional data in cluster environments. 

The DVA-tree employs a hierarchical clustering method and distributed VA-file management in 

order to allow a parallel kNN search on each of the VA-files. The sample data of large-scale high-

dimensional data, because the sampling is independent of the dimensionality and the sampled data 

maintain the cluster information of the data set stored in the database. 

 

Reference 

[1] S. Blanas and V. Samoladas, “Contention-base performance evaluation of multidimensional 

range search in peer-to-peer network’s”, Journal of Future Generation Computer System, 

Vol. 25, Iss.1, pp.100-108, 2009 

[2] H. V. Jagadish, B. C. Ooi, Q. H. Vu, R. Zhang, and A. Zhou,“VBI-tree: a peer-to-peer 

framework for supporting multidimensional indexing schemes  (ICDE 06), p 34, 2006. 

[3] M. Bawa, T. Condie, and P. Ganesan, “LSH forest: self tunning indexes for similarity search, 

Proc. International World Wide Web (WWW 05), pp. 353-366, 2005. 

[4] C. Schmidt and M. Parashar, “Flexible information discovery in decentralized distributed 

systems,” Proc. IEEE International Computing HPDC 03), 2003. 

[5] N. Koudas, C. Faloutsos, and I. Kamel, “Declustering spatial on multi-computer architecture,” 

Proc. International Conference on Extending Database Technology (EDBT 96), 

pp. 592-614, 1996. 

[6]Blum, A. (1997). Empirical Support for Winnow and Weighted-Majority Based Algorithms: 

Results on a Calendar Scheduling Domain. Machine Learning 26: 5–23. 

Blum, A., Hellerstein, L. and Littlestone, N. (1995). Learning in the Presence of Finitely or 

Infinitely Many Irrelevant Attributes. Journal of Computer and System Sciences 50(1): 

32–40. 

[7]Deerwester, S., Dumais, S. T., Furnas, G. W., Landauer, T. K. and Harshman, R. (1990). 

Indexing by Latent Semantic Analysis. Journal of the American Society for InformationScience 

41: 391–407. 

[8]Freund, Y., Iyer, R., Schapire, R. and Singer, Y. (1988). An Efficient Boosting Algorithm 

for Combining Preferences. In Shavlik, J. (ed.), Machine Learning: Proceedings of the 

Fifteenth International Conference. San Francisco, CA: Morgan Kaufmann Publishers. 

International Journal of Scientific Research and Review

Volume 7, Issue 9, 2018

ISSN NO: 2279-543X

http://dynamicpublisher.org/543



Hull, D., Pedersen, J. and Schütze, H. (1996). 

[9]Kivinen, J. andWarmuth,M. (1995). Exponential Gradient Versus Gradient Descent for 

LinearPredictors. Information and Computation 

[10]Krulwich, B. (1997). LIFESTYLE FINDER: Intelligent User Profiling Using Large-Scale 

Demographic Data. Artificial Intelligence Magazine.Lang, K. (1995).  

[11]Lewis, D., Schapire, R., Callan, J. and Papka, R. (1996). Training Algorithms for Linear 

Text Classifiers. In Hans-Peter Frei, Donna Harman, Peter Schauble and Ross Wilkinson 

(eds.), SIGIR ’96: Proceedings of the 19th Annual International ACM SIGIR Conference 

on Research and Development in Information Retrieval. 

[12]Lieberman, H. (1995). Letizia: An Agent that Assists Web Browsing. Proceedings of the 

International Joint Conference on Artificial Intelligence. Montreal. 

[13]Littlestone, N. and Warmuth, M. (1994). The Weighted Majority Algorithm. Information and 

computation 

[14]Maes, P. (1994). Agents that Reduce Work and Information Overload. Communications of 

theACM. 

[15]Miller, G. (1991). WordNet: An On-line Lexical Database. International Journal of 

Lexicography 

[16]Pazzani, M. and Billsus, D. (1997). Learning and Revising User Profiles: The Identification 

ofInteresting Web Sites. Machine Learning . 

[17]Press, W., Flannery, B., Teukolsky, S. and Vetterling, W. (1990). Numerical Recipes in C. 

Cambridge University Press. 

[18]Quinlan, J. R. (1986). Induction of Decision Trees. Machine Learning 1: 

[19]Resnick, P., Iacovou, N., Suchak, M., Bergstrom, P. and Riedl, J. (1994). 

[20]GroupLens: AnOpen Architecture for Collaborative Filtering of Netnews. Proceedings of 

Conference onComputer Supported Cooperative Work (CSCW’94) Chapel Hill, NC: ACMPress. 

[21]Rocchio, J. (1971). Relevance Feedback Information Retrieval. In Gerald Salton (ed.), The 

SMART Retrieval System-Experiments in Automated Document Processing,. 

[22]Rumelhart, D., Hinton, G. and Williams, R. (1986). Learning Internal Representations by 

Error Propagation. In Rumelhart, D. and McClelland, J. (eds.), Parallel Distributed 

Processing: Explorations in the Microstructure of Cognition. Volume 1: Foundations, Cambridge, 

MA: MIT Press. 

International Journal of Scientific Research and Review

Volume 7, Issue 9, 2018

ISSN NO: 2279-543X

http://dynamicpublisher.org/544



[23]Salton, G. (1989). Automatic Text Processing. Addison-Wesley. 

Salton, G. and Buckley, C. (1990). Improving Retrieval Performance by Relevance Feedback. 

Journal of the American Society for Information ScienceShardanand, U. and Maes, P. (1995). 

[24]Social Information Filtering: Algorithms for Automating“Word of Mouth”. Proceedings of the 

Conference on Human Factors in ComputingSystems . 

[25] S. Blanas and V. Samoladas, “Contention-base performance evaluation of multidimensional 

range search in peer-to-peer networks”, Journal of Future Generation Computer System. 

[26] H. V. Jagadish, B. C. Ooi, Q. H. Vu, R. Zhang, and A. Zhou, “VBI-tree: a peer-to-peer 

framework for supporting multidimensional indexing schemes,” Proc. IEEE International 

Conference on Data Engineering (ICDE 06), p 34, 2006. 

[27] M. Bawa, T. Condie, and P. Ganesan, “LSH forest: selftunning indexes for similarity search,” 

Proc. International World Wide Web (WWW 05), pp. 353-366, 2005. 

[28] C. Schmidt and M. Parashar, “Flexible information discovery in decentralized distributed 

systems,” Proc. IEEE International Symposium on High Performance Distributed 

Computing (HPDC 03), 2003. 

[29] N. Koudas, C. Faloutsos, and I. Kamel, “Declustering spatial 

on multi-computer architecture,” Proc. International Conference on Extending Database 

Technology (EDBT 96), pp. 592-614, 1996. 

[30] B. Schnitzer and S. T. Leutenegger, “Master-Client R-trees: a new parallel R-tree 

architecture,” Proc. International Conference on Scientific ad Statistical Database Management 

(SSDBM 99), pp. 68-77, 1999. 

[31] A. Guttman, “R-trees: a dynamic index structure for spatial searching,” Proc. ACM SIGMOD 

International conference on Management of Data, pp. 47-57, 1984. 

[32] T. Liu, C. Rosenberg, and H. A. Rowley, “Clustering billions of images with large scale 

nearest neighbor search,” Proc. IEEE Workshop on Application of Computer Vision (WACV 

07), pp. 28-33, 2007. 

[33] R. Weber, H.-J. Schek, and S. Blott, “A quantitative analysis and performance study for 

similarity-search methods in highdimensional spaces,” Proc. International Confernce on Very 

Large Databases (VLDB 98), pp. 194-205, 1998. 

[34] R. Weber, K. Böhm, and H.-J. Schek, “Interative-time similarity search for large image 

collections using parallel VA-files,” Proc. IEEE International Conference on Data 

International Journal of Scientific Research and Review

Volume 7, Issue 9, 2018

ISSN NO: 2279-543X

http://dynamicpublisher.org/545



Engineering (ICDE 00), pp. 83-92, 2000. 

[35] J. Chang, and A. Lee, “Parallel high-dimensional index structure for content-based 

information retrieval,” Proc. International Conference on Convergence Information 

Technology (ICCIT 08), pp. 101-106, 2008. 

[36] P. Ciaccia, M. Patella, and P. Zezula, “M-tree: an efficient access method for similarity search 

in metric spaces,” Proc. International Conference on Very Large Database (VLDB 97), 

pp. 426-435, 1997. 

[37] P. Ciaccia, M. Patella, and P. Zezula, “A cost model for similarity queries in metric spaces”, 

Proc. ACM SIGPODS conference, pp. 65-76, 1998. 

[38] R. Weger, and K. Böhm, “Trading quality for time with nearest-neighbor search,” Technical 

report, Dept . of Computer Science, 1999. 

[39] M-tree homepage, http://www-db.deis.unibo.it/research/Mtree, retrieved: March, 2012. 

[40] Real data source website, retrieved: March, 2012 

http://www.autolab.org/autoweb/15960.html 

[41] Hyun-Jo Lee, & Jae-Woo Chang, “ Signature-based Hybrid Spill-Tree for Indexing High-

Dimensional Data”, IEEE Ninth International Conference on Computer and Information 

Technology, 978-0-7695-3836-5/09 $26.00 © 2009 IEEE DOI 10.1109/CIT.2009.93. 

[42] Mrs. Monika Jain, & Dr. S.K. Singh, “A Survey On: Content Based Image Retrieval Systems 

Using Clustering Techniques for Large Data sets”, International Journal of Managing Information 

Technology (IJMIT) Vol.3, No.4, November 2011` 

International Journal of Scientific Research and Review

Volume 7, Issue 9, 2018

ISSN NO: 2279-543X

http://dynamicpublisher.org/546


