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Abstract– Very large stream data learning is an important technique in data mining. Ensemble based learning 

methods are very attractive for large stream data classification. Large stream data mining techniques based on 

ensemble learning techniques are not only good for handling large volumes of stream data but also takes care of 

concept drifting feature. Existing ensemble large stream data learning techniques particularly concentrated only 

on obtaining accurate classifiers but not on predicting the accuracy of the classifier in classifying the unseen 

stream data record. Also existing methods uses only linear technique in managing the set of classifiers in the 

ensemble. For many real life applications even the linear scan of ensemble classifiers is not suitable. In such cases 

it requires that the best time complexities that are needed are O(log n), logarithmic, time complexity for 

prediction of newly arriving stream record. Present study proposes a new multidimensional indexing tree structure 

to predict the incoming stream data record only in logarithmic time. A new technique is proposed for splitting the 

attribute during the construction process of multidimensional indexing tree structure for spatial database storage. 

Multidimensional Indexing Tree Structure (MITS) for data stream classification is proposed. Proposed 

technique reduces prediction time complexity of newly arriving stream data record from linear to logarithmic time. 

That is, form O(n) to O(log n) in asymptotic notation of time complexity. This indexing structure is particularly 

useful for spatial database maintenance. 

Keywords–MITS-tree, multi dimensional indexing structure, spatial data, ensemble learning technique, very large 

stream data classification, large streams  

I.   INTRODUCTION 

 

Mining desired patterns from large data is called 

data mining. Classification is one of the important 

techniques in data mining and machine learning. 

Tress are particularly useful in many data mining 

and machine learning applications because they 

reduce time complexity of many data structure 

operations from linear, O(n), to logarithmic, O(log 

n), asymptotic time complexities and even to O(c) 

asymptotic time complexity. Very large stream 

data mining requirement is common in many real 

life and in many scientific applications including 

research, business, military and many more 

applications such as cell phone calls data, e-mails, 

website’s data, share market data, video  

 

 

conference data, TV channel data coming from 

satellite, continuously changing locations of 

mobiles, very large data generated from global 

positioning systems (GPS) are some of the 

examples for potential sources for generating very 

large stream data records. 

Very large data stream classification techniques 

are inherently associated with many shortcomings 

or hazards such as continuously with tremendous 

speed increasing of dynamic data stream volumes, 

concept drift feature. Concept drift means data 

distributions of very large stream data are 

continuously changing dynamically. Also many 

properties of stream data will change with very 



Dr G APPARAO, et al , International Journal of Computers Electrical and Advanced Communication Engineering [IJCEACE]TM 

Volume 1 , Issue 05, PP: 43 -  50, JAN ’ 2014. 
 

 

 

International Journal of Computers Electrical and Advanced Communications Engineering 

                                               Vol.1 (05), ISSN: 2250-3129, JAN – 2014                                  PP: 43 -  50                                                                                                                                           

    28 

high speed and continuously changing patterns, 

features, models, visible and non visible features, 

observable and non observable features, and total 

number of attributes and attribute values etc. are 

some of the potential problems that are inherently 

associated with very large stream data values. 

For very large stream data classification, 

ensemble learning technique is particularly 

suitable for obtaining reasonably good and more 

accurate classification results. To date, many 

state-of-the-art and very large stream data 

ensemble learning techniques are mainly 

concentrated only on obtaining more and more 

classification accuracy results. Randomly 

predicting the stream data record is not given 

much importance because previously selected 

applications are limited and moreover classifier 

accuracy is itself sufficient to the selected 

particular application. Also ensemble length of the 

selected classifiers, say for example 25, sufficient 

for the selected particular application. 

Now a days data management requirement 

details are changing drastically and continuously 

with very high speed as a result only 25 to 30 

ensemble set of classifiers are not good enough 

for classifying or predicting the newly arriving very 

large stream data record. Needed number of 

classifiers in the ensemble is drastically increasing 

day by day and it differs from application to 

application. Hence, more than hundreds of 

classifiers are needed in many real time 

applications including science, research, business, 

military, banking sectors, life insurance sectors, 

retail business, railways, satellite, cell phone data 

streams etc.  

In many real time applications many 

ensemble dynamic online stream data mining 

algorithms require only one pass to process 

stream data. Advanced sophisticated and state-of-

the-art dynamic stream data indexing techniques 

are needed to insert, update, delete, query, 

search, copy, and traverse the very large dynamic 

stream data. Ensemble dynamic stream data 

management technique is one of the best stream 

data mining techniques. Multidimensional Indexing 

Tree Structure is a spatial data indexing structure 

for storing classification rules of ensemble 

classifiers. Multidimensional indexing tree 

structure reduces time complexity of classifying a 

new stream record from linear asymptotic time to 

logarithmic asymptotic time complexity. Present 

study proposes a new technique for node splitting 

in the multidimensional indexing tree structure 

construction. The proposed node splitting 

technique is very simple. 

         In order to manage multidimensional data, 

such as spatial data, more sophisticated, 

advanced and state-of-the-art indexing techniques 

are need. Spatial data is an example for 

multidimensional data. B-tree and B+ trees are 

popular indexing techniques for very large 

databases. Hashing indexing techniques and B-

Tree indexing techniques are index structures that 

can handle only one dimensional data. To index 

spatial data in the case of spatial data mining, 

some of the useful multidimensional tree indexing 

techniques are: K-d Trees, Quad trees, Octtrees, 

R-Trees and its variants. K-d Trees are two 

dimensional indexing structures. K-d-B tree is a 

multidimensional indexing structure and it is an 

extension to the K-d Tree. A quad tree is two 

dimensional indexing structure. An Octtree is a 3-

dimensional indexing structure.  

           Multidimensional indexing data structure, 

R-tree, and its variants are very useful indexing 

structures for indexing spatial data objects such 

as points, line segments, rectangles, squares and 

polygons. An R-Tree indexing structure is a height 

balanced tree structure with the indexed objects 

stored in leaf nodes. Each tree node is associated 

with one bounding box. The bounding box of a 

terminated node is the smallest rectangle parallel 

to the axes that contain the bounding boxes of its 

child nodes. Each leaf node in the R-tree stores 

the indexed objects and each internal node stores 

the bounding boxes of the child nodes along with 

the pointers to the child nodes. 

Most important useful operations of 

multidimensional indexing tree (MITS) structure 

are- insertion, deletion and search. 
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Insertion: in multidimensional indexing tree 

structure (MITS) 

 

Inserting into multidimensional indexing 

tree structure - To insert a new object into the 

multidimensional indexing tree structure, first find 

the leaf node that has the room for storing a new 

object. Finding an exact and more accurate leaf 

node for insertion is costly. In most of the cases 

multiple paths of multidimensional indexing tree 

structure are required. Every object is associated 

with one bounding object. If the bounding box of 

the new object and the bounding box of any 

children of multidimensional indexing tree 

structure are same then that common bounding 

box will be selected automatically based on a 

specific heuristic approach. If the selected leaf 

node for insertion is full then the leaf node is split 

into two nodes and the corresponding bounding 

rectangle is modified appropriately. Sometimes 

heuristic quadratic splits are inevitable for node 

splitting. 

 

Deletion: in multidimensional indexing tree 

structure (MITS) 

Deletion in a multidimensional indexing 

tree structure (MITS) is very similar to B+-Tree 

deletion or sometimes it is also required to 

redistribute all the entries of under full nodes in 

order to improve clustering efficiency of  the 

multidimensional indexing tree structure (MITS). 

Multidimensional indexing tree structure allows 

efficient storage than the general K-d trees or 

quad trees, because the object is stored only once 

in multidimensional indexing tree structure and 

also half full property is very easy to satisfy. 

Query processing is very slow because multiple 

paths must be traversed. In many real life 

applications Multidimensional indexing tree 

structures (MITS) are better suitable for spatial 

data mining applications. 

Search: in multidimensional indexing tree 

structure (MITS) 

 

For searching a specific object in 

multidimensional indexing tree structure all the 

child nodes of a bounding box containing the 

object must be searched. For searching and 

querying multiple paths may have to be searched. 

 

Locations of hotels, restaurants, temples, 

vehicles, flights, trains, bridges etc are 

represented using spatial databases. Spatial 

cluster, spatial classification, spatial outliers are 

also some of the applications of spatial database. 

In order to organize data into multidimensional, 

we can use spatial data cubes. Spatiotemporal 

database is a type of spatial database that stores 

spatial data objects that change with time. 

GPS data, share market data, video 

conference data, research data, simulated data, 

telecommunication data, bank transaction data etc 

are examples for very large stream data. Large 

volumes of data streams are generated in Internet 

traffic, communication networks, retail industry, 

remote sensors, and electric power grids, in 

scientific and engineering applications. It is very 

difficult to store large volumes of stream data and 

it is also very difficult to process the stream data 

many times. We need efficient and effective state 

of the art techniques and we have to develop 

single-scan, on-line, multi level, multidimensional 

stream processing techniques. Stream data sizes 

are increasing from terabytes to peta bytes 

rapidly. Many stream data analysis techniques are 

invented. Different types of stream data mining 

applications are- Multidimensional analysis of very 

large stream data, stream data cube based 

modeling techniques, very large graph data, 

document data, stream data frequent pattern 

mining, stream data classification,  stream data 

clustering. 

 

For accurate, efficient, effective and fast 

processing of stream data new data structures, 

analysis tools, processing techniques, models, 

tools and algorithms are needed. There must be 

tradeoff between accuracy and storage capacity 

because infinite storage is not available. We need 

efficient, robust, scalable, effective algorithms in 

terms of space and time complexity. The best 

time complexity for stream data processing is 

logarithmic. That is O(log n). 

         

Data streams are potentially infinite and it 

is impossible to process each element more than 

once. There may exist multiple   parallel data 
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streams in a stream data management system.  

We can also pass   queries to stream data. Data 

stream query may be either   one-time or   

continuous. 

 

       In general very large data streams are 

dynamic, infinite, fast, continuous, multi-

dimensional,   combinations   of   different data 

patterns, features and different statistical 

distributions of varying complexities. In order to 

find critical and potential changes, unusual 

patterns, outliers and interesting patterns, 

multidimensional stream data analysis on 

aggregate   measures required. Ensemble 

classification approach is particularly suitable for 

stream data classification. An ensemble is a 

collection of classifiers such as C4.5, ID3, Naïve 

Bayes, Bayesian belief networks etc. Now a days 

stream data sizes are very large.  Sometimes,  it  

is  not  possible  to  process each  record  more  

than  once. Hence, stream  data  mining  

techniques  must  be  fast,  effective,  efficient  

and  accurate in many domains. When the stream 

data size is very large computational cost 

increases exponentially. The main  characteristic  

of  any  stream  data  mining  algorithm  is  that  

it  must  process  the  complete  data  in  one  

pass  only.  Data mining  algorithms  must  be  

improved  with  many  latest  trends  and  

techniques.   

 

Existing  stream  data  classification  

techniques  use  a  linear  scan  technique  to  

process  all  the  base  classifiers.  This linear scan 

technique is used to process all the base 

classifiers.  That is, linear scan is costly for many   

real time applications.  Hence,  a  new  and low  

cost  ensemble  stream  data  classifications  

technique  is  required  for  many  modern  real  

time  applications  that  are  based  on  ensemble  

learning. 

 

       Multidimensional indexing tree structure is 

proposed to reduce the time complexity from 

asymptotic linear time to logarithmic asymptotic 

time complexity. Classification is one of the most 

important data mining techniques. Ensemble 

learning is one of the most important data stream 

classification techniques in data stream mining. 

Stream data mining has many real time 

applications such as ATM transactions 

management, finding incorrect documents in 

website management, Spam filtering etc. 

Problems with stream data are- volume of stream 

data is very high and changes in the features and 

patterns of stream data occurs so frequently. 

 

Advantages of ensemble learning design are   

1. Ability to handle very large volumes of stream 

data  

2. High scalability in managing very large streams 

of data  

3. Capability to handle changes in patterns and 

trends that     

    occur dynamically  

4. Increased accuracy of classification, clustering 

and   

    document identification 

5. Reduced errors in classification 

6. Easy to parallelize stream data processing and 

prediction   

7. Reduced  search  times  for  obtaining  accurate  

results  in   

    stream  data  processing 

    

Ensemble  approaches  are  stream  data  

management  tools  particularly  useful  methods  

for  handling  concept  drift.  Ensemble  approach  

is  an  up-to  date  dynamic  stream  data  

classification  approach.  It  discards  least  

accurate  classifiers  and  updates  all  the  

remaining  classifiers.  It is incrementally 

updatable.  Ensemble  classification  results  are  

more  accurate  than  any  single  classifier  

approach. 

Stream data is dynamic.  Main features of stream 

data are: 

1. Data size is infinite   

2. Changes in the stream data occur dynamically   

3. Fast response times are required   

4. Very difficult to  store  completely  and  to  

process  all       

    data 

5.  Multiple  scans  of  the same  data  is  

impossible 
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6. Data distributions within  the  stream  data  

change   

    dynamically  and  fastly 

7. Aggregate  measures  of  stream  data  

changes  dynamically 

8. Multi dimensional analysis  and  modelling  is  

needed 

9. Sometimes multiple  modelling  techniques  are   

needed   

10. State-of-the-art structures,  tools,  methods  

indexing   

       techniques  and  other  processing  ideas  are  

required.             

II. PROBLEM DEFINITION 

Very large dynamic data stream records 

are represented as  D = {{A1, A2, … An}, Ci}. 

where {{A1, A2, … An} are attributes in the data 

set and Ci is the class label of ith record. For 

simplicity only two class problems are considered. 

It is a two class problem. So, class label can take 

only two values – yes or no. Very large stream 

data is divided into k partitions and k decision tree 

classifiers are constructed. These k classifiers are 

included in the ensemble. All classifiers are stored 

in the spatial database as spatial objects. 

Generally maps, graphs, cities, universities, and 

places are represented in multidimensional 

indexing tree structure. In this paper ensemble 

decision tree classifiers are represented as a 

spatial database. Each decision tree classifier is 

represented as a set of rules. Each decision rule is 

represented as a spatial object in the spatial 

database. 

Assume S is a web monitoring dynamic 

stream with two classes and each stream record 

has two attributes A1 and B1. Values of attribute 

A1 are a1, a2, a3…am and values of attribute B1 are 

b1, b2, b3…bm where 0 <= ai<= 6 and 0<= bi<= 

6. For simplicity only latest six classifiers c1, c2, c3, 

c4, c5 and c6 are considered. An ensemble E is 

created based on these six classifiers. Generally 

each base classifier represents a set of if-then 

rules. Again for simplicity each base classifier is 

represented using only one if-then condition. 

Ensemble E is used to predict the class label of an 

incoming dynamic stream record r. More generally 

a classifier is represented by anding / oring many 

if-then expressions. 

An ensemble model E is converted into a 

spatial database model spatial database Entire 

spatial database is represented by a two-

dimensional rectangle A = (0, 0, 6, 6). Each base 

classifier ci is represented by a small black 

rectangle. The (i+1)th black rectangle drifts to the 

right side of the ith  rectangle from bottom to top 

of the decision are of spatial database because of 

concept drifting. The complete ensemble 

classification model is represented by using a set 

of spatial objects, black rectangles. Collection of 

spatial objects (black rectangles) represents the 

spatial database (Spatial database). Ensemble stream 

model is such that for a given small circle x = (5, 

5) as an incoming record, we would like to classify 

x as both accurate and fast in logarithmic time 

complexity, O(log n). 

III. Multidimensional indexing tree 

structure 
 

Multidimensional indexing tree structure is 

a multi-way height balanced indexing tree. Most 

important operations of multidimensional indexing 

tree structure are insertion, search, deletion and 

all these operations are performed similar to tree 

operations. 

Here the following TABLE 1 stores six 

classifier rules. Multidimensional indexing tree 

structures are popularly used as indexing 

structure to manage conventional spatial data 

objects such as graphics objects, vehicle objects, 

maps, images, location objects, spatial objects, 

multimedia objects, mechanical objects, stars, 

satellites etc. Multidimensional indexing tree 

structures are particularly used to manage a new 

and different type of spatial data objects, decision 

rules belonging to the ensemble, E 
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ID Decision rules 

C1 If(0<=r1<=1)and (0<=r2<=1)        

then  correct ; 

           otherwise incorrect 

C2 If(0.5<=r1<=2)and (0.5<=r2<=2)  

then  correct ; 

          otherwise incorrect  

C3 If(1.5<=r1<=3)and (1.5<=r2<=3)  

then  correct ;  

          otherwise incorrect 

C4 If(3<=r1<=4.5)and (3<=r2<=4.5)  

then  correct ;  

         otherwise incorrect 

C5 If(4<=r1<=5.5)and (4<=r2<=5.5)  

then  correct ;  

          otherwise incorrect 

C6 If(5<=r1<=6) and (5<=r2<=6)       

then  correct ;  

         otherwise incorrect 

TABLE 1.  Six base classifiers 

 

Decision rule is converted to 

Rectangle  

Base classifier is converted to 

spatial objects 

Ensemble is converted to spatial 

database 

 

TABLE 2 Mapping an ensemble model to a spatial 

database 

Multidimensional indexing tree structure 

stores decision rules that are constructed in a 

continuous attribute space and discreet attributes 

are converted into continuous attributes by 

applying suitable changes. Each decision rule 

represented in the multidimensional indexing tree 

structure covers a closed spatial space. All 

partially closed spatial spaces must be converted 

into fully closed spatial spaces by changing lower 

or upper bounds appropriately.  

For example, consider the decision rule of 

the classifier C1. This decision rule, (r1<=1.5) and 

(r2<=1.5), is half closed and it is converted into 

fully closed spatial space as (0<r1<=1.5) and 

(0<=r2<=1.5). In general, if a decision rule 

covers only a few dimensions (i) then it will be 

converted into remaining (d-i) dimensions also. 

Suppose, assume a decision rule that is defined in 

a partially closed spatial space R = (0<=r1<=1.2) 

then R must be changed to a closed space as  

R = (0<=r1<=1.2) and (0<=r2<=6) 

All decision rules of the ensemble E are 

taken as “hard” decision rules only but not fuzzy 

or other rules. For simplicity purpose, only binary 

classification model is considered. Same technique 

can be used to extend this multidimensional 

indexing tree structure technique for representing 

multiclass problems in spatial space. In binary 

classification a simple technique of representing 

multidimensional indexing tree structure rules is 

that stores only the decision rule of a minor class 

containing small set of decision rules. 

IV. ALGORITHM 

Multidimensional indexing tree structure (MITS) 

Algorithm 

 

Algorithm 1: Inserting a node into E-tree  

 

Input   : 

1. Multidimensional indexing tree 

structure (MITS)  

2. Set of rules in the classifier C (one or 

more rules) 

3. m , minimum number of entries in a 

node 

4. M, maximum number of entries in a 

node 

 

Output :  Modified multidimensional indexing tree 

structure 

 

1. P← root of MITS tree // get root of MITS-

tree  

2. For each decision rule R∈C do 

3.          L = searchLeaf(R, P) 

4.          If( L.size < m )  then 

5.                𝐿 = 𝐿 ∪ 𝑅 

6.                𝑇′= UpdateParentnode (L) 

7.          Else 

8.             Sort all the values in the node to 

be split in  

             the MITS-tree and then apply 

split procedure 

9.               <PL,PR> = splitNode(L, R) 
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10.                𝑇′= adjustTree(T, PL, PR)
 

11.          Endif 

12. Endfor 

13. Insert the classifier, C into table structure 

14. Output the tree, 𝑇′, after inserting the new 

classifier, C  

 

Explanation of E-Tree insertion operation 

      Whenever new trends and patterns are found 

during dynamic stream data classification, the 

multidimensional indexing tree structure insertion 

algorithm insert new base classifiers into the 

ensemble model and this model is automatically 

converted into the spatial space data object and 

inserted into the multidimensional indexing tree 

structure. Whenever a new classifier, C, is 

created, a new entry associated with the newly 

created classifier is inserted into the 

multidimensional indexing tree structure and 

similarly all the decision rules, R, belonging to the 

newly created classifier are inserted into the 

multidimensional indexing tree structure one after 

the other, and linked all the rules together by the 

respective pointer entries. 

       Inserting decision rules of a new classifier 

into multidimensional indexing tree structure 

starts from the root and search proceeds 

downwards in order to find a leaf node that covers 

the rules of the new classifier. Once a leaf node is 

found, it is checked to find whether space for 

insertion is available or not. If the leaf node 

contains less than the maximum number of 

entries, M, then new set of rules are inserted into 

the leaf node. Parent node is updated 

appropriately. After searching, if it is found that 

there is no space for new insertion, then the 

current leaf node is split into two nodes and then 

new set of rules are inserted. Node splitting in 

multidimensional indexing tree structure is a 

difficult step. 

A decision tree classifier C4.5 is used to 

generate decision rules from the dynamic stream 

data. All decision rules are “hard” decision rules 

only. That is decision rules are not fuzzy. Various 

measures used for online query evaluation are: 

1.Time cost- computational cost of 

multidimensional indexing tree structure is much 

lower than the computational cost of traditional 

ensemble models because multidimensional 

indexing tree structure are height balanced 

indexing tree structures that are used to index all 

classifiers in the ensemble.  

2.Memory cost- Through multidimensional 

indexing tree structure consumes larger memory 

during stream data record classification, the 

memory size is in affordable range only. 

3.Accuracy- prediction accuracy of 

multidimensional indexing tree structure is high 

and it is equal to the accuracy of original 

ensemble models.  

Multidimensional indexing tree structure 

ensemble learning 

Architecture of ensemble models on dynamic data 

streams using multidimensional indexing tree 

structure is shown in the Fig 4. Training module 

maintains and controls all the insertion and 

deletion operations of multidimensional indexing 

tree structure. Training module is responsible to 

monitor multidimensional indexing tree structure 

operations for constant updating of 

multidimensional indexing tree structure. 

Prediction module is responsible to predict the 

class label of newly arriving dynamic stream 

record x by using synchronized copy of 

multidimensional indexing tree structure received 

from training module. Multidimensional indexing 

tree structure search operation is applied to make 

online predictions. We assume that stream is 

coming with un-labeled data. Initially the buffer in 

the training module is filled with incoming stream 

records. Records in the buffer are labeled by 

human experts or intelligent labeling machines. 

This labeling process is very slow, costly and time 

consuming and only a small percentage of 

incoming records at regular intervals regularly in 

order to provide uniform labeling. As soon as 

buffer is full, automatically a new classifier is 

constructed and then it is inserted in the 

ensemble. New classifiers of multidimensional 

indexing tree structure are constructed regularly. 

Once the maximum capacity of the 
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multidimensional indexing tree structure is 

reached automatically old or outdated or un-useful 

classifiers are deleted from the multidimensional 

indexing tree structure by executing 

multidimensional indexing tree structure deletion 

operation. Updated and latest multidimensional 

indexing tree structure will be synchronized and 

multidimensional indexing tree structure copy is 

passed to the prediction module. 

 
Unlabeled stream    Prediction module                       Labeled 

stream 

                                                                  
Synchronization 

                   Training                      Insertion 

 

 If not full 

                                                                                Deletion if 

null 

     Labeling experts                                                          

                              Training module 

Fig 4. Architecture of ensemble learning with 

multidimensional indexing tree structure 

V. Stream Data Classification 

Methods 

Very large dynamic data stream classification 

methods are roughly or approximately divided into 

two categories (groups). The first one is called- 

online or incremental modes and second method 

is called ensemble learning models. 

   A. Online incremental models 

The intention of online incremental models 

is to build a single accurate, fault tolerant, simple, 

general, convenient, robust, efficient, effective, 

standard and sophisticated model that can be 

continuously updated in order to reflect the 

dynamic changes in trends, features and patterns 

of very large dynamic stream data. Very fast 

decision tree (VFDT) model and the incremental 

SVM model are best examples for online 

incremental models. 

B.  Ensemble learning models 

Ensemble learning method is common for 

large stream data classification. Ensemble learning 

model is average or weighted or group based 

approach that uses a divide-and-conquer strategy. 

Decision tree uses non-parametric approach and 

ensemble model pre-dominantly uses decision 

tree classifiers. Ensemble learning model in the 

first step splits continuous dynamic stream data 

into small groups of tuples and then constructs 

light-weight base classifiers (decision trees or 

decision tree models) for these small groups. 

Ensemble, E, is constructed by combining all these 

light weight base classifiers in a systematic way. 

Ensemble learning models scale well to very large 

volumes of dynamic stream data, very easy to 

parallelize this model, it adapts very quickly to 

new and dynamic changes, patterns, graphics, 

and it is susceptible to lower variance errors, and 

very useful for spatial data maintenance. 

Ensemble stream data models also reasonably 

good in managing concept drift features. 

VI. CONCLUSIONS 

Present study proposes a new algorithm for 

multidimensional indexing tree structure node 

splitting. Previously time complexity of n base 

classifiers in the ensemble of stream data mining 

is O(n). Multi-way multidimensional indexing tree 

structures are developed to decrease the 

asymptotic time complexity from linear, O(n), to 

asymptotic sub-linear or logarithmic time, O(log 

n).  
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