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Abstract
Conservative spatial queries, such as range searchnearest neighbor reclamation, involve only d¢tads on objects’ numerical
properties. Today, many modern applications call fiovel forms of queries that aim to find objectisying both a spatial
predicate, and a predicate on their associatedstelor example, instead of considering all theaesants, a nearest neighbor query
would instead ask for the restaurant that is thesekt among those whose menus contain “steak, sfindirandy” all at the same
time. Currently the best solution to such queriesbased on the InformationRetrieval2-tree, whichs la few deficiencies that
seriously impact its efficiency. Motivated by thiere is a development of a new access methoeldctle spatial inverted index that
extends the conventional inverted index to copé witltidimensional data, and comes with algorithtimat can answer nearest
neighbor queries with keywords in real time. As ifiedt by experiments, the proposed techniques diatme the
InformationRetrieval2-tree in query response tirgmi§icantly, often by a factor of orders of magmie
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1. INTRODUCTION

Keyword search in document performed with various
approaches ranked retrieval results, clusteringche@sults &
identifying the nearest neighbor Keyword search »onl
document categorized as two different approaches isn
Keyword search on xml document which can be peréatioy
ranking the searched results based on match carteeer to
keyword & finding the nearest neighbor of keywond using
GST or by Xpath Query. In paper [2] the problenreifirning
clustered results for keyword search on documthetsore of
the semantics is the conceptually related relahipnbetween
keyword matches, which is based on the conceptual
relationship between nodes in trees. Then, weqe®@ new
clustering methodology for search results, whiclkistdrs
results according to the way they match the givegry

A spatial database manages multidimensional ob{satsh as
points, rectangles, etc.), and provides fast actesthose
objects based on different selection criteria. ithgortance of
spatial databases is reflected by the conveniehoeodeling
entities of reality in a geometric manner. For egbm
locations of restaurants, hotels, hospitals andrsare often
represented as points in a map, while larger exteanth as
parks, lakes, and landscapes often as a combinaifon
rectangles. Many functionalities of a spatial dath are
useful in various ways in specific contexts. Fastamce, in a
geography information system, range search caneptykd
to find all restaurants in a certain area, whilarest neighbor
retrieval can discover the restaurant closestgiven address.

Today, the widespread use of search engines ha® fihad
realistic to write spatial queries in a brand nevayw
Conventionally, queries focus on objects’ geomgirimperties
only, such as whether a point is in a rectanglehaw close
two points are from each other. We have seen soouem
applications that call for the ability to selectjextis based on
both of their geometric coordinates and their asted texts.
For example, it would be fairly useful if a seamgine can
be used to find the nearest restaurant that offstsak,
spaghetti, and brandy” all at the same time. Nba¢ this is
not the “globally” nearest restaurant (which wotlave been
returned by a traditional nearest neighbor queby)t the
nearest restaurant among only those providing b# t
demanded foods and drinks.

There are easy ways to support queries that congpatal
and text features. For example, for the above queeycould
first fetch all the restaurants whose menus corfaénset of
keywords {steak, spaghetti, brandy}, and then frahe
retrieved restaurants, find the nearest one. Silpilane could
also do it reversely by targeting first the spatahditions —
browse all the restaurants in ascending ordereif thistances
to the query point until encountering one whose umleas all
the keywords. The major drawback of these straogivdrd
approaches is that they will fail to provide reahé answers
on difficult inputs. A typical example is that tmeal nearest
neighbor lies quite far away from the query poivitjle all the
closer neighbors are missing at least one of theryqu
keywords. Spatial queries with keywords have noenbe
extensively explored. In the past years, the conityums
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sparked enthusiasm in studying keyword search latioeal
databases. It is until recently that attention wlaserted to
multidimensional data.

The boom of Internet has given rise to an evereasing

amount of text data associated with multiple dinams

(attributes), for example, customer reviews in giog

websites (e.g., Amazon) are always associated atittbutes

like price, model, and rate. A traditional OLAP @atube can
be naturally extended to summarize and navigatectsired

data together with unstructured text data. Suahb& enodel is
called text cube [1]. A cell in the text cube aggres a set of
documents/items with matching attribute values Bubset of
dimensions. Keyword query, one of the most popuaad

easy-to-use ways to retrieve useful informationmfra

collection of plain documents, is being extendedRBMSs

to retrieve information from text-rich attribute][[3]. Given

a set of keywords, existing methods aim to finéveht items
or joins of items (e.qg., linked by foreign keysatltontain all

or some of the keywords.

Traditional IR techniques can be used to rank dasum
according to the relevance. In a large text damblaswever,
the number of relevant documents to a query coeldalye,
and a user has to spend much time reading thena If
document is associated with attribute informationa data
cube model (a multidimensional space induced by the
attributes), e.g., the text cube, a cell aggregéiesiocuments
with matching values in a subset of attributes. S
collection of documents is associated with eachl, cel
corresponding to an object that can be directlpmenended
to the user for the given query. This paper stutliegproblem
of keyword-based top-k search in text cube, i.éverg a
keyword query, find the top-k most relevant celtsa text
cube. When users want to retrieve information franext
cube using keyword question, believe that relevesits,
rather than relevant documents, are preferred asulswers,
because: 1) relevant cells are easy for usersawdar; and 2)
relevant cells provide users insights about thatieiship
between the values of relational attributes andekedata.

2. PROBLEM DEFINITION

1. Implement k nearest neighbor search algorithmgumat
lab for given data set and to find out closest p&iom give
guery also analyze the result fetch time and acgura

2. Implement the Inverted index algorithm by exiegdooint
the k nearest neighbor and forming R tree to filodest point
from given set of query and also analyze the reagé#inst
time and result accuracy.

3. LITERATURE SURVEY

In the paper ‘fast nearest neighbor search withwioegs’,
there are methods like spatial index, inverted xndearest
neighbor search. The first method spatial indexised for

creating indices because there is huge amounttafrized to
be stored for searching that data stored in the fof xml

documents. If the data storage created in the fofrimdices
then space required is less also time needed &clieg the
keyword is less.

Second method is inverted index. The inverted iroba
structure is a central component of a typical&eangine
indexing algorithm. A goal of a search engine perniance is
to optimize the speed of the query: find the docusmievhere
word occurs. Once an index is developed, whictvipions
lists of words per document; it is next inverteddevelop an
inverted index. Querying the index would requirgsntial
iteration through each document and to each wongktdy a
matching document. The time memory and processing
property to execute such a query are not alwaysrétieally
realistic. Instead of listing the words per artiglethe index,
the inverted index data structure is developed ktigts the
documents per word. The inverted index produceel,qtlrery
can now be determined by jumping to the word idthe
inverted index. These were effectively invertedexes with a
small amount of supplementary explanation that irequa
implausible amount of attempt to produce.

Third method is nearest neighbor search. Neareghiner
search (NNS), also identified as closeness sepechllel
search is an optimization problem for finding cktseoints
in metric spaces. In the paper ‘Efficient Keywddsed
Search for Top-K Cells in Text Cube’ methods used a
inverted-index one-scan, document sorted-scan,olnetip
dynamic programming, and search-space orderingneiop k
cells, there is a searching of nearest key to theryq Cubes
forms clusters of single unique group which shawsdentity.
Method like inverted index used for giving indexher than
providing whole data which can be space consuming.

4. COMPARITIVE STUDY

Table-1: Comparison of Depth first search and invertedxnde

Parameters\Methods Depth fifstnverted index
search

Space More Less

Time complexity O(n+m) o(n)

Working Slow Efficient

Methods used before is depth first search whiclkiired more
space because it needs to travel through left agid trees
respectively. Rather in inverted indexing therdeiss space
required as there is use of indices. Next is tiomamexity, for

DFS its O(n+m) ( n for edges and m for nodes). Wi

inverted index there is time required is O(n) tisator single
index. Also DFS works slowly and inverted indexitg

efficient to use.
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CONCLUSIONS

By studying above methods the main motto is seagcla
relevant keyword with meaningful information withimmum
time with valid results. | can conclude with thigete should
be efficient method to identify the keyword, grougithose
results by using any one of clustering methods. friagor
drawbacks in paper [1] are if two nodes have samavird
then how to differentiate the keyword with the sbad one.
In paper [2] there can be come up with indexing ¢hester
results will be more if cluster is dynamically griog, or we

can form clusters of clusters.
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