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 The Spatial database are used for effectively storing, browsing, searching and retrieving 

of spatial objects which has immense applications in the present world. One of the 

popular methods used by spatial database are spatial indices to optimize the spatial 
queries for reducing time and space.  In the previous method, R+ tree was taken and it 

was enhanced using Reduced R+ tree for the purpose of representing the spatial data. 

Subsequently, the K-NN query algorithm was employed for processing the reduced R+ 
tree and to explore the nearest neighbours of a query point. The k-nearest neighbour (k-

NN) is an efficient classifier that is not much complicated. Yet, if the data space is 

massive, it requires increased cost level for retrieving the nearest neighbour because it 
is a lazy learning method that lacks pre-modelling.  In this paper, we propose a rough 

set based reduced R+ tree (RRR+ tree) for handling the spatial data indexing and 

retrieval in a successful manner. The rough set theory is a standard approximation of 
crisp sets of two different sets. Accordingly, RRR+ Tree is developed using the Rough 

set theory. The next stage is query data retrieval. For this, the Rocchio algorithm that 
has the ability to retrieve the data for an input query in an efficient way, is used. 

Experimental results reveal that the Rocchio algorithm outperforms the K-NN 

algorithm in retrieving the query data.  
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INTRODUCTION 

 

 Geospatial database uses Geographic 

Information System (GIS) to locate and access the 

data quickly and efficiently. Geographic databases 

are used for both storage of Spatial and Non-Spatial 

attributes (Yon-Gui, Z., 2010). A spatial database 

system (SDBS) is a kind of database system, in 

which the data model can provide spatial data types 

as well as the query language, in addition to offering 

assistance in the implementation of spatial data types 

like spatial indexing and efficient spatial query 

processing (Corral, 2007). It can be used for indexing 

data structures to provide fast response to spatial 

queries. The Spatial database is constituted of a 

collection of records that indicate spatial objects. All 

the records are provided with a unique identifier that 

helps during the data retrieval process (Wei, Z., 

2011; Lifang, Y., 2010; Shaohui, Z., C. Zhanwei, 

2011). Spatial configuration retrieval is an essential 

research theme in content-based image retrieval, 

which plays a dominant role in the geographic 

information system (GIS), VLSI design, computer 

vision and many other research fields. A user, who is 

making use of a GIS system, looks in to a map for 

getting access to the desired configurations of spatial 

objects either in an ideal sense or with some 

constraints (Sun, Haibin, 2009). Usually, image 

indexing and retrieval can be performed by making 

use of three parameters, namely,  

i) Features  

ii) Size  

iii)  Relative position (Wang, Ying-Hong, 2003). 

 For the past ten years, massive spatial databases 

have been under usage widely and plenty of 

approaches have emerged for the purpose of storing, 

browsing, searching and retrieving spatial objects 

(Lin, Hung-Yi, 2008). Spatial data retrieval is used in 

various areas such as agriculture, geology, forestry 

hydrology and marine science. Among this, the 

geographical spatial retrieval is an emerging field 

(Pawlak, Z., 1984). Better retrieval and management 

of data have resulted with the development of 

various database management systems (DBMSs). In 
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the case of the conventional relational database 

management systems (RDBMSs), different index 

structures that involve k-dimensional (k-d) trees, 

quad trees and R-trees are available. Yet, RDBMSs 

lack the ability to handle a very huge amount of 

queries efficiently. In contrast, the development of 

distributed relational database management systems 

(DRDBMSs) has caused the multi-attribute access to 

be made in a better way. The DRDBMSs also fail to 

manage and retrieve the data among servers 

efficiently due to the fact that they consume more 

time in ensuring data consistency through a suitable 

way of locking and updating the data (Wei, Ling-

Yin, et al., 2014). 

 The spatial database is considered as a powerful 

tool because, instead of just storing and representing 

the spatial data, manipulation is possible. The very 

basic structure of those systems may be the response 

to spatial queries that are associated with spatial 

properties of data. Typically, the queries may be a 

point query, a range query, a spatial join and a 

nearest neighbour query. The point query (Guttman, 

A., 1984) finds the entire number of spatial objects 

owning a given query point. The range query 

(Guttman, A., 1984) discovers all spatial objects 

residing in a given region (usually expressed as a 

rectangle or a sphere). (3) Spatial join (Corral, 

Antonio, et al., 2000) accounts for all the pairs of 

spatial objects from the two spatial datasets meeting 

a spatial predicate. The nearest neighbour query 

(Hjaltason, R. Gísli and Hanan Samet, 1999) is a 

familiar one that seeks for the spatial objects existing 

more closely to a given reference spatial object (Gao, 

Yunjun, 2009). The k-nearest neighbour (k-NN) 

serves as an effortless and effective classifier in 

spatial data retrieval. It is a lazy learning method that 

is devoid of remodelling. Hence, the k-NN is more 

expensive for classifying new documents in cases, 

where the training set is enormous (Miao, Duoqian, 

et al., 2009).  A basic attribute of spatial data that 

demands uncertainty management is the topology, 

which contains the linkage between different spatial 

data elements. The topological relations that pertain 

to regions with undefined, ambiguous or indecisive 

boundaries are of utmost interest. It has been 

illustrated in the relational databases that the 

inclusion of rough sets in to the underlying data 

model (Beaubouef, 1995) and rough querying of 

crisp data (Beaubouef, T. and F. Petry, 1994; 

Beaubouef, 2007) through the utilization of rough set 

techniques can allow the uncertainty to be handled 

effectively.   

 Rough set theory, which is put forth by Pawlak, 

may be considered as an effective tool in applications 

involving classifications (Pawlak, Zdzislaw, et al., 

1995; Pawlak, Zdzisław, 1991). Rough set theory 

refers to a mathematical tool that allows processing 

and examining of incorrect, vague and fuzzy 

datasets. As an extension of set theory, it helps in 

analyzing the intelligent system that is featured 

through inadequate and partial information (Pawlak, 

Zdzisław, 1991). Several researches have been 

carried out for enhancing the efficiency and 

effectiveness of classification by means of rough sets 

(Zhong, 2001). In practice, the rough set theory has 

numerous applications in the field of medical 

diagnosis, expert systems, travel demand analysis, 

the empirical study of data items, devices and 

diagnosis, reliability engineering, envisaging 

business failure, activity-based travel modelling, 

solving linear programming and data mining 

(Shaohui, Z., C. Zhanwei, 2011; Nordin, M., et al., 

2011). 

 In this paper, we propose a rough set based 

reduced R+ tree that is called as RRR+ tree algorithm 

for Indexing and Retrieval of Spatial data. The 

ultimate aim of our proposed method is to improve 

the nearest neighbour finding in spatial data. The 

Rocchio algorithm is used here, instead of K-NN for 

better classification. The time consumed by the 

RRR+ tree for query retrieval decides the 

performance of the proposed algorithm. 

The main contribution of this paper is as follows: 

i) We propose a rough set-based reduced R+ tree 

(RRR+ tree) for spatial data indexing and retrieval. 

 Based on the RRR+ tree, we deal with the 

Rocchio query algorithm, which is a new spatial 

query algorithm 

 

1. Review Related Works: 

 Researchers have worked on to introduce 

numerous efficient techniques for spatial data 

indexing and retrieval. Gao, Yunjun, et al. (2009) 

have initially conducted a research to resolve MNN 

queries in the spatial databases.  A novel NN search, 

Mutual Nearest Neighbour (MNN), was the theme of 

interest here and it has practical connection to 

numerous applications involving decision making, 

data mining, and pattern recognition. Efficient 

processing of MNN queries on multi-dimensional 

datasets can be achieved with a standard description 

of MNN retrieval and a set of algorithms that owns 

SP, TS, RTH, NNP and RNNP were proposed here, 

in addition. Their methods involve only two steps, 

namely, filtering and verification methodology. A 

wider experimental analysis on the real and the 

synthetic datasets prove that both the NNP as well as 

the RNNP are superior to the other three algorithms, 

while considering the I/O overhead and the total 

query expense beneath all circumstances. The 

enhancement in performance has resulted because 

both the NNP as well as the RNNP algorithms had 

made use of all the entries that have been visited at 

the time of searching yet again and the undesired 

node access was got rid through effective pruning 

strategies. 

 Nevertheless, discovering spatial information 

from the search engines is a significant research 

problem that is encountered in the spatial data 

mining field. S.RamaSree and K.S.B.Ambika (2013) 
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have developed a system that involves an empirical 

model for processing the spatial databases. Spatial 

query combines a location as well as a group of 

features. Here, spatial queries have been managed in 

two ways and the user specifies the number of 

optimal results to be returned. Additionally, they 

have dealt with the implementation of a cache based 

method for achieving better results.  

 Likewise, the spatial data can be retrieved by 

making a search through large databases and this 

causes an increase in cost as well. Hence, the time 

consumption was large in the query optimization of 

spatial databases than in RDBMS. In the recent state 

of art, it has been shown that at the time of execution 

of a query in a spatial database management system 

(SDBMS), the query optimizer generates all the 

feasible query evaluation plans. The outcome of all 

the plans was found to be more or less similar, but 

the difference emerges with the execution cost and 

the time consumption. The query and its associated 

plans was deleted immediately after the data retrieval 

for freeing out the memory space, so that the 

memory can be used later. This procedure was 

executed in a continual fashion, though the query has 

been processed earlier. Hence, depending on this, a 

rise in the storage overhead and execution time was 

accomplished. Parthasarathi Boyala and Rituparna 

Chaki, (2012) have suggested a novel database 

architecture, which utilizes a buffer based query 

optimization technique for carrying out the data 

retrieval at a faster rate.  

 The recent spatial database applications that are 

constructed over the distributed and heterogeneous 

spatial information sources like, the conventional 

spatial databases underlying Geographical 

Information Systems (GIS) and the spatial data files 

as well as the spatial information that are gained or 

deduced from the Web, too encounter issues in data 

integration and topological consistency. This causes 

partial information over and over again, enabling the 

range queries to be answered over partial spatial 

databases. This is a hot research topic in the domain 

of spatial database systems. The application state, 

where the geometrical information on a sub-set of 

spatial database objects is partial, but the spatial 

database stores topological relations among these 

objects, may be depicted as an example. Cuzzocrea, 

Alfredo, and Andrea Nucita, (2011), have proposed 

and evaluated a novel technique experimentally to 

efficiently answer the range queries over partial 

spatial databases through the integration of 

geometrical information as well as topological 

reasoning. The implementation of their work was 

carried out using a novel query engine, called as I-

SQE(Spatial Query Engine for Incomplete 

Information). They have illustrated that their 

technique offers both effectiveness and efficiency for 

the synthetic and the real-life spatial data sets. In 

addition, if the spatial database objects are 

represented in terms of both the geometry and 

topology, enhancement in the quality and the 

expressive power of the retrieved answers can be 

achieved. 

 The usual Internet was attained in a geospatial 

dimension. It can be seen that the Web documents 

are geo-tagged and the geo-referenced objects like 

the points of interest are found to have relation with 

the descriptive text documents. The combination of 

geo-location and documents has allowed new query 

types that consider the location proximity and text 

relevancy to be designed. Wu, Dingming, Gao Cong, 

and Christian S. Jensen, (2012) have come up with 

an innovative indexing framework for location-aware 

top-k text retrieval and region-aware top-k text 

retrieval. The framework unites the inverted file for 

text retrieval and the R-tree for spatial proximity 

querying in a novel form. A lot of hybrid indexing 

methods were investigated within the framework. 

The computation of the top-k query involves the 

framework, which holds algorithms that make use of 

the designed indexes, and it has the potential to 

consider the text relevancy and the spatial proximity 

at the same time for reducing the search space at the 

time of query processing. The outcomes of empirical 

studies using an implementation of the framework 

have confirmed the superior performance of the 

designed methodology. 

 In order to overcome the drawbacks of previous 

indexing schemes, Cha, Chang-Il, et al, (2008) have 

addressed an indexing method that is capable of 

efficiently processing range queries in a large-scale 

trajectory database. They have designed a new 

method, which divided the temporal dimension into 

multiple time intervals. Further, based on this 

interval, an index that is related to line segments was 

built. In addition to this, a supplementary index was 

built for line segments within each time interval. It 

has made a dramatic improvement, particularly for 

the time interval consisting of the segments taken by 

those objects that were currently moved or have just 

completed their movements. 

 

2. Proposed Method for Efficient Query Retrieval  

from RRR+ tree: 

 Recently, spatial data retrieval is an effective 

topic in artificial intelligence, data mining, databases 

and information systems and in computational 

geometry. In general, the spatial data are described as 

points, lines and rectangles. Also, it is mostly 

applicable in the Geographic information system 

(GIS).  The spatial data indexing is a major concern 

here to retrieve the data quickly by query processing. 

In general, the spatial data are stored in the form of 

coordinates which indicates the features on earth.  So 

an efficient method for indexing spatial data will lead 

to an efficient retrieval for the input query. 

Previously, for discovering the nearest neighbour of 

a point query, K-NN algorithm was used. Here, we 

propose a rough set based reduce R+ tree (RRR+ 

tree) for efficient indexing of spatial data, which 
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helps to retrieve the nearest neighbour efficiently and 

quickly. The next stage is to retrieve the query data 

quickly and efficiently. For this, we use Rocchio 

algorithm, which can provide better and efficient 

query retrieval. The initial stage of our proposed 

method is the construction of RRR+ tree for the input 

spatial data. In general, the tree structure consists of 

two types of node, namely, the parent node and the 

leaf node. In RRR+ tree, each leaf node belongs to a 

corresponding parent node.  The general data space 

structure for the input spatial data and its 

corresponding RRR+ tree is shown in fig 1. 

 For the above data space, a corresponding data 

structure is constructed as shown below. 

 

 

Fig. 1: Data space. 

 

 

Fig. 2: A Corresponding Data structure. 

 

 The above RRR+ tree consists of parent node 

and leaf node. The parent node consists of two 

MBRs, which are R1 and R2. MBR is generally 

defined as the Maximum Bound Rectangle with a 

number of elements in it. So, the number of elements 

present in MBR R1 is assigned as the leaf node of 

R1. Also, the number of elements present in MBR 

R2 is assigned as the leaf node of R2.  Similarly, the 

leaf node and the intermediate nodes for each 

rectangle in the data space are constructed. The 

major object that is considered here for efficient 

retrieval is the overlapping node and the MBR that 

represents the rectangle with minimum elements are 

otherwise called as the half filled nodes. The 

overlapped nodes are partitioned to form separate 

rectangles. Also, the process called as joining nodes 

lessens the half filled nodes. The various operations 

performed on the RRR+ tree are described below. 

(i) Search  

(ii) Insertion  

(iii) Deletion  

(iv) Splitting the nodes  

(v) Joining the nodes  

 

(i) Search: 

 The initial stage of the search operation is to 

break down the search space into sub-regions. Then, 

the search operation is done in the search space for 

each sub-region. The searching procedure begins 

from the top of the tree that is called as the root node 

to all the nodes interconnected with it, called as the 

leaf nodes. The search direction of an RRR+ tree 

algorithm is as shown below. 

 

 
 

Fig. 3 Search direction. 
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 Here, the overlapping nodes are partitioned into 

separate nodes, which will reduce the search time 

and make the query retrieval better. The search 

operation is done for all the overlapped data objects 

of the input query. The first search over the leaf node 

is made and if the data objects are not found over the 

leaf nodes,the search over the child nodes is begun 

 

Algorithm Search 

 

Input: RRR+ tree  

Output: All data objects including overlapped 

Step1: Select the top Node R, from RRR + tree 

Step2: If node N is not leaf, then 

For all (P, R) of the top node R, check if the next 

nodeoverlaps W search window 

Step3.If satisfied, Initiate Search (C, W, N), where C 

is the node that the user has specified. 

Step4.If N is a leaf, check each and every object R in 

O and return those that makes an overlap with W. 

 

 

(ii) Insertion in RRR+ tree: 

 Inserting a new rectangle in RRR+ tree is a 

major process because inserting the new rectangle as 

a separate leaf node will increase the height of the 

tree, which makes the query retrieval process 

complex. So, the best way of inserting the new node 

is to insert it to the leaf node that is half filled. If 

there is no half filled node, insert the new rectangle 

as the new leaf node. The best way is to find the 

MBR with least data objects. The algorithm for the 

insertion of RRR+ tree is as follows: 

 

Algorithm Insert 

Input: RRR+ tree with input rectangle (IR) 

Output: The new RRR+ tree with the inserted point 

Step1. Select the node where IR goes and add  

Step2. If node N represents no leaf, then for each 

entry (p, R) of N, 

Search for any overlapping 

If overlap then, Insert(C, IR), C is the child node 

Step3.If N denotes a leaf, add IR in R. If the entries 

into the rectangle is more than limit M, then initiate 

Split Node () Function 

 

(iii) Deletion in RRR+ tree: 

 In deletion, the initial stage is to locate the 

rectangle to be deleted in the leaf node of the tree. 

After locating the node, it is removed from the leaf 

node. For deleting the particular rectangle from the 

leaf node, the search undergoes over all intermediate 

nodes. The complete structure of the tree is 

rearranged after deleting the particular node. 

 

Deletion algorithm 

Input: RRR+ tree with the input rectangle (IR) and 

rooted at node R 

Output: RRR+ tree after the deletion of the input 

rectangle IR 

Method: find the location of IR and delete it from the 

respective leaf node 

Step1. Search intermediate nodes for deleting 

rectangle  

Step2. Delete leaf nodes 

Step3. Rearrange the tree 

 

(iv) Splitting the node in RRR+ tree: 

 Splitting the node in the RRR+ tree is an 

important process. Here, while inserting a new node 

to the MBR, there is a chance of overflow. So 

partitioning the overflowing node in an efficient way 

is an important task. Here, the overflow node is 

separated into two regions. Initially, the distance 

between each points and the inserted point in the 

MBR is calculated. Finally, the point with minimum 

distance is partitioned as a separate MBR.  
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Algorithm for splitting the node 

Algorithm Split Node (N) 

Input: A node N 

Output: The new RRR+ tree 

Step1. Find a partition and create two new nodes  

Step2. Find Partition on Rectangle X using the 

search method.P indicates the pointer that is related 

to the node R.  

Step3. Create the two nodes n1 and n2 resulting from 

the split of R, Where X1 and X2 are new sub 

rectangles 

Step4. Put in niall nodes (pk,Rk) of O  

a) If O is found to be a leaf node, then place Rkin 

both the new nodes 

b) Else, make use of the SplitNodeto perform a 

recursive split of the children nodes along the 

partition. Let (Pk1, Rk1) and (Pk2,Rk2) represent the 

two nodes obtained later to splitting (Pk,Rk), where 

Rkilies entirely in Ri, i=1,2. Add those two nodes to 

the respective node ni. 

 

 

 

Fig. 4: Rectangle representation of RRR + tree. 

 

 

Fig. 5: Corresponding tree Structure for the  partition node. 

 

(v) Joining the nodes: 

 Initially, the MBR with the maximum number of 

elements is determined i.e. n. After this, find the 

MBR with an element, which is less than n i.e. 

MBR<n. In general, the MBR with the element less 

than „n‟ are called as half filled node and MBR with 

n number of elements are called as the full filled 

node. The next step is to determine all MBR with the 

elements less than n. Further, check the distance with 

the half filled MBRs which will help to join the 

nodes in a perfect way. Finally, after joining the half 

filled nodes based on the minimum distance, a 

reduced RRR+ tree is obtained. Through this process, 

the height of the tree is reduced, which will provide 

an efficient search over the tree. The algorithm for 

splitting the nodes is given below. 
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Algorithm joining nodes(R-reduced) 

Input: RRR+ tree with half-filled nodes 

Output: Reduced RRR+ tree 

Step1. Let maxOccuMBR=n 

Step2.Check each MBR for maxOccuMBR 

Step3. For any MBR, if (occuMBR<n) 

 Select those MBRs; 

Step4. If (MBRI&&MBRJ) has Less occupancy than 

maxOccuMBR 

 Find distance (MBRI, MBRJ) 

 If distance == Minimum 

 Check, 

occuMBR(MBRI)&&occuMBR(MBRJ) 

 Then,  

 Add point p from MBRI to MBRJ 

Step5. Add points from MBRI to MBRJ until, 

 MBRI == Empty or MBRJ ==fully filled 

Step6. Repeat 3 to 5 until maximum nodes are fully 

filled  

Step7.End  

 

 So, based on the various processes described 

above, the RRR+ tree is constructed for efficient 

query retrieval.  

 

2.1. Query retrieval: 

 In general, the spatial data is with some 

uncertainty and unclearness. So, to manage these 

issues in the spatial database an effective tool is 

required. Here, the rough set theory is considered as 

the useful tool for managing the uncertainty and 

unclearness in the spatial database.  

 

2.1.1. The Rough set theory: 

 Rough set theory, which was formulated by 

Pawlak (1984), aids in enhancing information 

retrieval and uncertainty management in the spatial 

data base. Rough set can be defined based on the 

knowledge of a non empty universe U, non empty 

finite set containing Q attributes and the collection of 

attributes with values of Q is V. The information 

system is defined based on the above tuples. From 

the non empty universe U, any subset X can be 

described by two approximations, namely the R-

lower approximation and the R-upper approximation. 

 

R-lower approximation: 

 Let X represents the set of all objects, which can 

be classified undoubtedly as X with regard to R. This 

can be expressed as: 
XYandRUYYXRL  //{)(  

Here, RU / represents the family of equivalence 

class. 

 Similarly, the R upper approximation of a subset 

X can be defined as,  

 XYandRUYYXRU //{)( Finally, the 

boundary region of the non empty universe set U can 

be expressed as follows: 

)()()( XRXRXR LUB   
 The example for a rough set is shown in the fig 

below, 

 

 
 

Fig. 6: The lower and the upper approximation in RST. 
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 The rough set theory has allowed the data space 

or feature space with training data to be partitioned 

using the Upper bound and the lower bound 

approximation. Moreover, the classification 

procedure has been performed over the approximated 

novel sub-data space and the rough set theory has 

carried out this approximation.  

 

2.1.2. Spatial data retrieval using Rocchio 

Algorithm: 

 The K-NN algorithm is one of the most 

commonly used data retrieval algorithms for an input 

query. But, it has some drawbacks such as lazy 

learning, high cost and high query retrieval time. In 

order to overcome these drawbacks, here we use a 

new algorithm called Rocchio algorithm for 

retrieving the spatial data of an input query.. The 

Rocchio algorithm used here for query retrieval is 

completely based on the rough set theory. Initially, 

for each data point a rectangle is plotted. Similarly 

the complete input data set are represented in the 

tree. Based on the input data points MBRs are 

created which is very easy to understand. The input 

spatial data is completely indexed based on the above 

mentioned operations such as, Search, Insertion, 

deletion, splitting the nodes and joining the nodes. 

The window representation of the input data is 

shown in the figure given below, 

 

 
 

Fig. 7: Window Representation. 

 

 The above structure consists of two MBRs, 

which are 8 and 7. Each MBR in the above figure 

consist of three nodes which is called as leaf node. 

The maximum number of rectangles or data points 

present in each node is 4. The indexing of spatial 

data points as shown above is the easiest way for tree 

construction. The RRR+ tree constructed from the fig 

7 is shown in the figure 8 below.  

 The above tree structure consists of two parent 

nodes and each parent node consists of a leaf node 

with three data points. The tree stored in the database 

is as shown in fig. 9. 

 

 
Fig. 8: RRR+ tree. 

 

 
 

Fig. 9: Tree store in the data base. 
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 The next stage of our proposed method is query 

retrieval. In this stage an input query point is given as 

input and the nearest neighbor for the input query is 

determined based on the Rocchio algorithm. Let an 

input data query point be (25, 25). For this, we have 

to find the nearest neighbor. In order to find the 

nearest neighbor for the input query, direct matching 

with leaf node is avoided here. In this, the 

corresponding parent node of the leaf node is 

selected.  Then, for the selected parent node, 

calculate the  


jc  given by the equation stated 

below 
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 Based on the above mentioned equation, the 

average for the points in the corresponding leaf node 

is calculated. Finally we get two distances D1 and 

D2 based on the above equation. But for the KNN 

algorithm we have to calculate separate distance for 

each node in the leaf.  Rocchio algorithm performs 

the spatial query retrieval by determining the 

distance from the query point Qn to each prototype 

vector jc . Here we had determined two 


jC vectors 

because of two parent nodes. Then, the Euclidian 

distance between the input query data point and the 

calculated


jC vector is determined. After this, 

among the two obtained distances for the input 

query, the minimum distance is found out. Then the 

node with the minimum distance is considered as the 

nearest neighbour and the corresponding data to the 

input point query is retrieved. 

 In the above equation the cardinality of data 

point is specified as . . A control parameter,  , is 

used to adjust the relative impact of the positive and 

the negative region. The control parameter is

25.0 . Also the similarity between the test 

documents Qn  and prototype vector jc  is 

computed based on the cosine measure which is 

given below, 

21

21
21

.
),cos(

nn

nn
nn 







 
 In this, while searching in the window, the 

MinDist and the MaxDist between the Query MBR 

with MBR in the approximated subspace is used. The 

MinDist and MaxDistis calculated as shown in fig. 

10. 

 

 
 

Fig. 10: MINDIST and MINMAXDIST from a Query point P and two MBRs. 

 

4. Experimental Results and Analysis: 

 This section discusses and analyzes about the 

results of the proposed technique. In section 6.1, the 

experimental setup is given. In section 6.2, the 

Dataset description is given. Finally, in section 4.3, 

performance analysis is given. 

 

4.1. Experimental Set up: 

 The proposed approach is programmed in java 

program with JDK 1.7.0. The system used for 

developing the program uses an Intel core i5 

processor, 500GB hard disk and3GB of RAM. The 

dataset used for the proposed approach is a spatial 

dataset with more than 1000 data points. The datasets 

are classified into 5 groups and tested with the 

proposed approach. The dataset is divided into 

groups like 200, 400, 600, 800 and 1000. The dataset 

is supplied to both R+ tree and reduced R+ tree for 

evaluation purposes. The detailed description of the 

assessment of the proposed approach is plotted in the 

fore coming section.  

 

4.2. Dataset description: 

 We are using two datasets from the spatial data 

repository (http://support.spatialkey.com/spatialkey-

sample-csv-data). They are the real estate 

transactions dataset and the sales transactions dataset.  

Real estate transaction datasets provide a list of 985 

real estate transactions in the Sacramento area that is  

reported over a five-day period, as reported by the 

Sacramento Bee. The dataset has addressed the level 

information to make a selection of the geocode or the 

already available latitude/longitude in the file. 

 Similarly, the dataset containing the Sales 

transactions is comprised of few “sanitized” sales 

transactions at the month of January 2009.It has 998 

sales transactions, which are summarized without 

complexity and the filtration procedure is performed 
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using transaction date, payment type, country, the 

city and geography. These two datasets are obtained 

and preprocessed as explained above. 

 

4.3. Performance analysis: 

 The performance plot of the proposed RRR+ 

tree algorithm aided with Rocchio algorithm for 

extracting the neighbors is depicted here. The 

performance of the suggested technique is processed 

in terms of the parameters like computation time, 

retrieval time, node generated time and time for 

searching points. The two datasets downloaded are 

selected for evaluation purposes. The computation 

time represents the time required to run the whole 

process. The retrieval time deals with the time 

required to retrieve the nearest neighbors through the 

give query based on the proposed algorithm. The 

performance is evaluated as comparison to the 

existing RR+ tree based method.  

 

4.3.1 Performance Based on Computation Time: 

 Initially, the datasets are labelled as dataset 1 

and dataset 2. Their datasets are supplied to the R+ 

tree based method, reduced R+ tree based method 

and RRR+ tree based method. The total time required 

to represent the total data points into the R+ tree and 

reduced R+ tree and RRR+ tree is plotted below.  

Both the datasets are reduced to 1000 data points, 

and are divided into five groups as mentioned above. 

Here, the computation time obtained for five 

different data records for both the proposed RRR+ 

tree and the existing reduced R+ tree and R+ tree is 

tabulated below in Table.1 for dataset 1 and in 

Table.2 for dataset 2.  

 
Table 1: Computation time for dataset 1. 

Data Records R+ tree Reduced R+ tree R RR+ tree 

200 1087 854 765 

400 1158 890 782 

600 1378 901 814 

800 1388 910 823 

1000 1476 914 831 

 

 From the above table, for the computation time 

based on dataset 1, we divide 1000 data records into 

five different data records as 200, 400, 600, 800 and 

1000. Here, for each set of data record, the 

computation obtained for the existing R+ tree, RR+ 

tree and the proposed rough set based reduced R+ 

tree (RRR+ tree) is noted. From the above table we 

noted that for 200 data records, computation time for 

R+ tree is 1087ms, RR+ tree is 854ms and the 

proposed RRR+ tree is 765ms which is much less 

than the existing method. Similarly, for all other data 

records, the computation time obtained is very lesser 

than that of the existing method. It shows that the 

proposed RRR+ tree is effective than the existing 

method.   

 The corresponding graph for the above 

computation table is plotted as below, which shows 

the better performance of the proposed RRR+ tree 

method.  

 

 
 

Fig. 11: Computation time graph for dataset 1. 
 

Table 2: Computation Time for dataset 2. 

Data Records R+ tree Reduced R+ tree RRR+ tree 

200 13724 11241 10865 

400 12475 11800 11435 

600 13547 12001 11660 

800 14251 12009 11584 

1000 15374 12900 12625 

 

 Similarly, the computation time obtained for 

sales transaction dataset is given in the above table2. 

In this, for each data record, the computation time for 

the R+ tree, reduced R+tree and our proposed RRR+ 

tree is tabulated. The computation time obtained for 

the existing Reduced R+ tree for 200 data records is 

11241 and for our proposed RRR+ tree is 10865, 

which is lesser than that of Reduced R+ tree. From 
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the above table, which is based on the computation 

time, it is evident that our proposed method of RRR+ 

tree offers improved performance than the existing 

RR+ tree method. The graphical representation for 

the above table is shown in fig 12. 

 

4.3.2 Performance Based on Retrieval time: 

 The retrieval time for our proposed RRR+ tree 

method is evaluated in this section. In this, the 

retrieval time obtained for dataset 1 and dataset 2 are 

given below.  

 

 

Fig. 12: Computation time graph for dataset 2. 
 

Table 3: Retrieval time obtained for dataset 1. 

Data Records R+ tree Reduced R+ tree RRR+ tree 

200 220 180 152 

400 325 195 158 

600 360 202 176 

800 496 256 210 

1000 524 302 259 

 

 In this, for each input data record such as, 200, 

400, 600, 800 and 1000, the retrieval time is noted 

for R+ tree, RR+ tree and proposed RRR+ tree as 

shown in the table 3. The retrieval time obtained for 

200 data records for R+ tree is 220ms; RR+ tree is 

180ms and for our proposed RRR+ tree is 152ms. 

From this, we have found that the retrieval time 

obtained for our proposed method is much lesser 

than that of the existing RR+ tree. The graphical 

representation for the above table is shown below. 

 From the above graph, we have found that our 

proposed RRR+ tree method provides better 

performance than the existing method. 

 Similarly, the retrieval time obtained for sales 

transaction dataset is given in the table 4 as shown 

below, 

 

 

Table 4: Retrieval time obtained for dataset 2. 

Data Records R+ tree Reduced R+ tree RRR+ tree 

200 620 540 507 

400 725 590 553 

600 788 620 574 

800 801 645 607 

1000 901 711 657 

 

 In this, for each input data record such as, 200, 

400, 600, 800 and 1000, the retrieval time is noted 

for R+ tree, RR+ tree and proposed RRR+ tree as 

shown in the table 3. The retrieval time obtained for 
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200 data records for R+ tree is 620ms; RR+ tree is 

540ms and for our proposed RRR+ tree is 507ms. 

From this, we have found that the retrieval time 

obtained for our proposed method is much lesser 

than that of the existing RR+ tree. The graphical 

representation for the above table is shown below. 

 From the above graph we have found that our 

proposed RRR+ tree method provides better 

performance than the existing RR+ tree method. 

 

4.3.3 Performance Based on the number of nodes: 

 In this section, the number of nodes obtained for 

each data record is tabulated in table.5 

 

 

Table 5: The number of nodes obtained for each data records. 

Data Records R+ tree Reduced R+ tree RRR+ tree 

200 72 70 70 

400 148 145 145 

600 251 250 250 

800 282 280 280 

1000 316 316 316 

 

 From the above table, we have found that the 

number of nodes obtained for existing RR+ tree and 

our proposed RRR+ tree are similar. The graphical 

representation for the above table is shown below 

 

 

4.3.4 Performance Based Point searching time: 

 In this section, the time required to search the 

points in the RRR+ tree is evaluated. Here, for each 

data records, the point searching time is tabulated as 

below 

 

 

Fig. 15: Graphical representation of the number of nodes. 

Table 6: The point searching time. 

Data Records R+ tree Reduced R+ tree RRR+ tree 

200 1584 1312 1123 

400 2143 1934 1712 

600 3256 3140 3023 

800 3786 3602 3512 

1000 4125 4013 3876 

 

 In the above table, the point searching time 

obtained for each data records is noted for R+ tree, 

RR+ tree and RRR+ tree. From the above table, the 

point searching time required for 200 data records for 

R+ tree is 1584 ms, for RR+ tree is 1312 ms and for 

our proposed RRR+ tree is 1123. Here, the time 

required for searching the points in the tree for RRR+ 

tree is much lesser than that of the existing methods. 

So it shows that our proposed method outperformed 

the existing method. The graphical representation for 

the above table is shown in the fig below. 
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Fig.16: Graphical representation for the point searching time. 

 

 The performance evaluation showed that our 

proposed RRR+ tree outperformed the existing RR+ 

tree method based on, computation time, retrieval 

time and point searching time. 

 

5. Conclusion: 

 In order to manage the uncertainty in the spatial 

database and to effectively retrieve the spatial data 

for an input query, we proposed a rough set based 

reduced R+ tree which was called as RRR+ tree. 

Initially, the input spatial database was indexed as an 

RRR+ tree. The indexing of spatial data using RRR+ 

tree provided a way for better and efficient query 

retrieval. The number of nodes in the RRR+ was 

reduced using a function called joining node. The 

joining node function in our proposed method 

combined the half filled nodes in to the single node 

which represented the tree in an efficient way. The 

next stage of our proposed system was spatial data 

retrieval for input query. Here we used an efficient 

spatial data query retrieval algorithm called Rocchio 

algorithm. The experimental results obtained after 

applying our proposed method on various spatial data 

showed that it outperformed the existing RR+ tree 

method based on the efficient query retrieval time. 
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