
Dr. APPARAO G, et al, International Journal of Research Sciences and Advanced Engineering [IJRSAE]TM 

Volume 2, Issue 9, PP: 09 - 13  , MAR’ 2015. 
 

  

 
 
 
 

International Journal of Research Sciences and Advanced Engineering 

                             Vol.2 (9), ISSN: 2319-6106, MAR ’ 2015.                       PP: 09 - 13 

MULTIDIMENSIONAL INDEXING TREE STRUCTURE FOR 

SPATIAL DATABASE MANAGEMENT 

Dr. G APPARAO 1*, Mr. A SRINIVAS 2* 

1. Professor, Chairman-Board of Studies & Convener-IIIC ,  Department of Computer Science 

Engineering, GITAM UNIVERSITY, VISAKHAPATNAM. Andhra Pradesh, India. 
apparao_999@yahoo.com. 

2.       Research Scholar, Department of Computer Science Engineering, GITAM Institute of          

Technology, GITAM UNIVERSITY, VISAKHAPATNAM. Andhra Pradesh, India.    

angalakuditi.srinivas@gmail.com 

                                                

Abstract–Very large data stream classification is one of the 

most important stream data mining techniques. Traditional data 

classification techniques are inappropriate for very large stream 

data mining. In the case of dynamic stream data mining it is not 

possible to collect stream data completely at once and it is also 

not possible to rescan the data. Dynamic data streams are time 

varying. The problem of concept drift must be handled 

appropriately in stream data mining. Ensemble learning 

technique is most suitable for dynamic stream data 

classification because it handles very large volumes of dynamic 

stream data and concept drifting. Present study uses a collection 

of decision tree classifiers in the ensemble and these decision 

tree classifiers are represented as spatial database objects and 

stored in the new multidimensional indexing tree structure for 

efficient and effective management. A new Multidimensional 

Indexing Tree Structure (MITS) is proposed for efficient and 

effective spatial database management. Proposed 

multidimensional tree indexing method reduces time 

complexity of ensemble classifiers management from linear to 

logarithmic. Decision tree classifiers are dynamically inserted 

and deleted in ensemble. 

Keywords– MITS Tree, Multidimensional indexing tree structure, 

ensemble method, Stream data classification 

I. INTRODUCTION 

Very large dynamic stream data mining is a challenging 

field in many real time applications including business, cell 

phone call databases, network traffic data management, sensor 

data, GPS (global positioning systems) data, retail industry 

data, web-click streams, etc,. General operations of very large 

stream data mining are – insertion, deletion, querying and 

prediction. Dynamic stream data indexing is particularly 

challenging in dynamic stream data mining. Many real life 

applications are completely based on dynamic stream data 

mining. A synthetic data set is created to conduct experiments 

on the proposed multidimensional indexing tree structure. This 

new tree indexing structure is particularly useful to manage 

multidimensional indexing objects. Some of the dynamic 

stream data mining applications are – 

1) Network traffic data management, 

2) Weather simulated data 

3) War simulation data 

4) Bank transactions data and credit card data 

management, 

5) Stream data mining in simulated networks 

6) Data of log records generated by web servers and 

database servers 

7) Finding similar patterns in a time series database 

stream data classification, clustering, associations, 

outlier detection 

Multidimensional indexing tree structure allows- 

1) To execute queries efficiently 

2) To extract data patterns and features 

3) To find correlations between data attributes 

4) To find optimized stream joins 

5) To detect malicious users 

6) To find outliers 

Selected stream data samples must be processed in a single 

pass. In order to obtain accurate, fast, and efficient results, 

normalized stream data values are convenient and productive. It 

is impossible to store the stream data because its volume is very 

high. Efficient and effective methods are needed for dynamic 

stream data management. Now a days in many applications, 

online data is generating at an exponential growth. 

Multidimensional indexing tree data structure is frequently 

updated dynamically. The indexing structure is used for 
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extracting patterns, features, insertions, deletions and 

predictions. 

Dynamic stream data classification requires online 

operations and stream data storage. multiple scans of dynamic 

stream data are impossible. Multidimensional indexing tree 

structure is constantly updated dynamically by executing 

insertion and deletion operations into the indexing tree structure 

for fast processing of stream data. 

II. PROBLEM DEFINITION 

Tuples in the stream data classifications are represented as 

T1  x11 ,  x12 , x13 , x14 , …………..x1n , c1 

T2  x21 ,  x22 , x23 , x24 , …………..x2n , c2 

T3  x31 ,  x32 , x33 , x34 , …………..x3n , c3 

…………………………………………... 

…………………………………………… 

…………………………………………… 

Tm  xm1 ,  xm2 , xm3 , xm4 , …………..xmn , cm 

 

Each tuple is represented by n attributes and (n + 1)th 

attribute is the class label attribute. For simplicity only two 

class problem is considered. Assume that ensemble consists of 

k classifiers (c1, c2, c3, …. , ck ). When many base classifiers are 

combined the resultant one is called ensemble classifier. Main 

goal of present study is to reduce time complexity of stream 

data record prediction from linear to logarithmic. Each 

classifier consists of r rules and there are k classifiers in the 

ensemble. Totally k.r rules are stored in the multidimensional 

indexing tree structure. All k.r rules are converted into k.r 

spatial objects and are stored in the multidimensional indexing 

tree structure. 

 

III. PROPOSED MULTIDIMENSIONAL INDEXING 

TREE STRUCTURE DELETION OPERATION 

 

A new method called Multidimensional Indexing Tree 

Structure (MITS) is proposed for deletion operation to delete a 

selected classifier and its associated decision rules from the 

ensemble. We use a specific procedure. In the normal MITS 

data structure a classifier is deleted by first in first out principle. 

At any time MITS ensemble size is constant. Whenever there is 

need to delete a classifier from the ensemble, normally used 

method is deleting the oldest classifier first. 

               We propose a new method for deleting a classifier 

from the E-Tree ensemble. Fist we will calculate accuracy of 

each classifier, Ci, in the E-Tree ensemble on the incoming 

stream test data, then delete a classifier whose accurancy is 

smallest. In other words, test each classifier on the test stream 

data and then discard the classifier whose misclassification 

error is maximum. Also there are other methods for deleting a 

classifier from the ensemble. Some examples are – false 

positive rate, false negative rate, mean, moving average, 

weighted moving average, some sampling techniques.   

At very beginning a pre-specified maximum number 

of decision tree classifiers are stored in MITS. Suppose 

maximum number of classifiers, say for example, max = 86. 

The system maintains 86 classifiers. Whenever 87th classifier 

enters into the MITS, one of the existing classifier must be 

deleted from the system 

The proposed method for deletion in multidimensional 

indexing tree structure (MITS), selects the classifier whose 

accuracy is minimum and then it is removed from the MITS. 

Sometimes under full nodes are deleted and then reinserted into 

the MITS. Reinsertion allows incremental data mining. 

Incremental data mining allows dynamic updates and it reflects 

against the dynamic changes in the stream data. Dynamic 

changes in the stream data are captured and managed 

accordingly. Distributions, patterns, futures are some of the 

examples of dynamic changes. Each node stores a set of rules. 

All the rules corresponding to each classifier are maintained in 

a linked list. After deleting a rule from the selected node, the 

number of entries of that node is checked, if the number of 

entities in that node is less than the minimum number of entities 

then that node is deleted from the MITS tree and all the entries 

of that node are reinserted into the MITS tree. Change details 

must be propagated from bottom to top of the indexing tree 

structure. 

Deletion Algorithm in the proposed multidimensional indexing 

tree structure (MITS) 

Input: multidimensional indexing tree,  

          a classifier, C of rules, for deletion 

          minimum number of entries and  

          maximum number of entries 

 

Output: Modified multidimensional indexing tree 

1. Root = root of multidimensional indexing tree 

2. S =  a set of classifiers called ensemble 
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3. P = get the address of C from the table classifiers, S 

//  P is a pointer to the linked list that contains all the 

rules of the classifier C 

 

4. While( p ≠ null ) do 

4.1 L = get the leaf node that contains the rule of 

the classifier C 

4.2 q = get the next rule of the classifier 

4.3 L1 = delete the rule from L and then return L 

4.4 If(L1.size < minimum number of entities) 

Then 

    Tnext = delete Node (Root, L1) 

    For each entry e belongs to L1 do 

       Rootnext = insertRule(e, Root)   

    Endfor 

4.5 P = nextRule 

whileend 

5. Return RootNext 

Multidimensional indexing tree structure stores all the 

spatial objects in terms of decision tree classifiers. Output for 

the selected synthetic data set is shown in the FIG-1 and Fig-2. 

Fig-2 is the right branch of the root. Due to space limitations 

output resultant tree is represented as branches separately. 

 

X Y Z W Class Label 

100 100 125 250 1 

20 20 150 150 1 

30 30 90 90 1 

45 55 65 75 1 

80 90 100 110 1 

40 60 80 100 1 

10 40 60 100 1 

20 100 40 110 1 

100 100 200 200 1 

60 85 650 125 1 

50 60 80 140 1 

15 45 75 95 1 

200 250 300 350 1 

60 70 100 140 1 

60 80 100 130 1 

200 200 300 300 1 

20 20 40 40 1 

90 80 70 60 1 

35 45 65 80 1 

90 50 120 90 1 

100 60 140 70 1 

145 40 105 65 1 

25 25 66 86 1 

40 80 120 100 1 

20 10 30 40 1 

20 90 70 90 1 

80 130 80 160 1 

80 80 100 100 1 

 

TABLE 1 Input data to Multi Dimensional Indexing Tree 

Structure 

Deletion operation in multidimensional indexing tree 

structure is useful for incremental updating.  If the deletion 

operation results under-full nodes then objects with in such 

nodes are deleted and then reinserted into the multidimensional 

indexing tree structure. All rules in the R-tree are used in 

constructing multidimensional indexing tree structure. 

Proposed multidimensional indexing tree structure is very much 

convenient for fast data processing of dynamic data streams. 

[10.0,10.0,150.0,160.0, 20.0,30.0,650.0,350.0] 

 ----------------------------------------------------------------------------    

[10.0,10.0,150.0,160.0, 35.0,40.0,140.0,90.0, 

20.0,20.0,100.0,140.0] 

 ----------------------------------------------------------------------------    

[10.0,10.0,75.0,100.0, 20.0,20.0,150.0,160.0, 

25.0,25.0,120.0,100.0] 

 ----------------------------------------------------------------------------    

[10.0,40.0,60.0,100.0,1.0, 15.0,45.0,75.0,95.0,1.0, 

20.0,10.0,30.0,40.0,1.0] 

 ----------------------------------------------------------------------------    

[20.0,20.0,150.0,150.0,1.0, 20.0,90.0,70.0,90.0,1.0, 

80.0,130.0,80.0,160.0,1.0, 80.0,80.0,100.0,100.0,1.0] 

 ----------------------------------------------------------------------------    

[25.0,25.0,66.0,86.0,1.0, 40.0,80.0,120.0,100.0,1.0] 

 ----------------------------------------------------------------------------    

[100.0,40.0,140.0,70.0, 35.0,45.0,120.0,90.0] 

 ----------------------------------------------------------------------------    

[100.0,60.0,140.0,70.0,1.0, 145.0,40.0,105.0,65.0,1.0] 

 ----------------------------------------------------------------------------  

[35.0,45.0,65.0,80.0,1.0, 90.0,50.0,120.0,90.0,1.0] 

 ----------------------------------------------------------------------------    

[20.0,20.0,70.0,60.0, 60.0,70.0,100.0,140.0] 

 ----------------------------------------------------------------------------   

[20.0,20.0,40.0,40.0,1.0, 90.0,80.0,70.0,60.0,1.0] 

 ----------------------------------------------------------------------------    

[60.0,70.0,100.0,140.0,1.0, 60.0,80.0,100.0,130.0,1.0] 
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 ----------------------------------------------------------------------------    

[20.0,30.0,650.0,140.0, 40.0,55.0,300.0,350.0] 

 ----------------------------------------------------------------------------    

[20.0,60.0,80.0,140.0, 30.0,30.0,650.0,125.0] 

 ----------------------------------------------------------------------------   

[20.0,100.0,40.0,110.0,1.0, 50.0,60.0,80.0,140.0,1.0] 

 ----------------------------------------------------------------------------    

[30.0,30.0,90.0,90.0,1.0, 60.0,85.0,650.0,125.0,1.0] 

 ----------------------------------------------------------------------------    

[40.0,55.0,80.0,100.0, 80.0,90.0,200.0,250.0, 

200.0,200.0,300.0,350.0] 

 ----------------------------------------------------------------------------   

[40.0,60.0,80.0,100.0,1.0, 45.0,55.0,65.0,75.0,1.0] 

 ----------------------------------------------------------------------------    

[80.0,90.0,100.0,110.0,1.0, 100.0,100.0,125.0,250.0,1.0, 

100.0,100.0,200.0,200.0,1.0] 

 ----------------------------------------------------------------------------   

[200.0,200.0,300.0,300.0,1.0, 200.0,250.0,300.0,350.0,1.0] 

 

TABLE 2  Output stored in the multi dimensional indexing 

structure 

 

 

Because of space in paper size adjustment proposed indexing tree structure called multidimensional indexing tree 

structure is divided into two parts. The left tree branch is shown in FIG-1 and the right branch is shown in the FIG-2. Rounded 

circle denoted with A is used to connect both of these parts of the output. Leaf nodes contain actual objects and all internal nodes 

represent high level objects that contain one or more low level objects. 

 

 

FIG-1 Output stored in the multi dimensional indexing structure 
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Fig-2 Multidimensional indexing tree structure for the sample output 

CONCLUSIONS 

Proposed method uses only one multidimensional 

indexing tree structure for index management. Next possible 

idea is to use multiple multidimensional indexing tree 

structures for efficient and fats processing of dynamic stream 

data. 
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