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ARTICLE INFO ABSTRACT
Article history: Pattern discovery from the large data base is @erdisciplinary field in a computt
Received 04 December 2015 science termed data mining. Theegiction of spatial trajectory locations of thi
Accepted 22 January 2016 patterns is an attractive research area leads doetlvlution of frequent minin
Available online 14 February 2016 algorithms. The existence of the diverse databdegsades the execution time of
mining process. To overcome this issigee based Space Partition of Trajec
Keywords: Pattern Mining (TSPTPM) is proposed in this pagemovel method, which adop
Clustering, Data Reduction, Execution clustering and tree structure to extract the fratjpatterns from the real time divel
Time, Frequent Mining, Heap Tree, datasets. Initially, the clustering procemganizes the number of transactions
Memory Consumption, Space Partition group and assigns the ID to each group. Then, kregpalgorithm constructs a tr

from the cluster of transactions. In a tree stngtthe transaction with maximum
consider as the root node and the oddearah number of transactions consider as «
nodes. Then, prerder traversal extracts the frequent patternshén ttee structure
Finally, Vague Space Partition (VSP) algorithm &plto offer the flexible spatii
partition of tree structure and conwerto sequences. The proposed TSPTPM enh¢
the frequent pattern extraction process by redutimg consumption. The optimiz
patterns are obtained from the heap tree structum@ the obtained results ¢
effectively partitioned by using the novel R&ilgorithm. The mining time analysis |
various datasets namely, Chess, Mushroom, Conndcaecident with various numb
of items in cluster. The comparative analysis ohing time for proposed TSPTP
algorithm and existing Apriori proves the effectiess.

INTRODUCTION

Transaction Data base (TD) is an extension of fretjitem set mining in large static of data minimngd.
The dynamic and continuous evolving nature of datse requires -to-date analysis. The techniques sucl
hMinor algorithm, hCount and lossy cct in the literature works reused the frequent itéspshe combinatorie
explosion of patterns. Fixed window length and gefetor are required to implement the explosiordeic
The scanning and the support evaluation for itenasefast. Hence, thet table and index bit table are appl
to govern the scanning with fixed bit size. Bug #torage of bit vectors and time consumption aveerdue tc
the large size database. The selection of lengihdacay factor values for every item sets areault and the
memory and time consumption are more. To overcdmset problems, max frequency measure varie:
window length for each item sets. The extensionvafying window based frequent mining to ims
classification methods, large uncertain data and the sub-graphs creation.

The evolution of Graph Based Mining (GBM) algorithnim frequent trajectory pattern analysis consi
large search space. To reduce the search spadd, UBilzes the adjacency property between the extd
patterns. Mappingraph and transaction item sets in GBM providegkinsion to small number of patte
with maximum candidate generation. The simultandnclusion of spatial and temporal attributes disae the
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trajectory patterns without generating candidaid® trajectory pattern analysis extends its apginao real
time pedestrian in the form of interesting patteexsraction. The prediction of next movement of rasis
difficult in real time analysis. Novel cluster bdserediction model evaluates the user’s locatiothenbasis of
frequent behavior. The behavior based applicatiegsires activity monitoring. Video monitoring egment
such as digital cameras are used for activity nooinigg. Monitoring by the video equipment contaime t
following limitations:

» Pre-defined target trajectories

» Difficult in monitoring of regions other than theajectory region

» Hard in automatic analysis and irregular actdgti

* Expensive digital cameras

Hence, series of cameras are replaced by an aff@pdio Frequency (RF) tags. The capture of frejuen
trajectory pattern effectively predicts the anoeliThe inclusion of clustering and sequential ngjirireates an
inter active cluster patterns. The approximatesti@ry location increases the complexity of mintagks. An
alternative approach called crisp space partitieduces the complexity. But, sharp boundary probiem
occurred. A Vague Space Partition (VSP) solves gharp boundary problem effectively. The problems
addressed in trajectory pattern approach are meraary and time consumption.

The creation of maximum similar patterns signifitameduces the testing time and memory requirement
The algorithms are grouped into two categories @iedirst Search (BFS) and Depth First Search (DFS)
Apriori, partition, FP growth and intersection algoms are available for effective pattern creattort, the
density of created bit vectors is less which leladgoor compression and compaction. To increaselénsity,
bit mask selection algorithm introduced in frequerining.

The increase in pattern size will produce the feifg problems in GBM approaches.

« Computational bottleneck- the time taken for lypathm to complete the mining process is more.
» Applicable patterns- Huge mining results maximizthe potential usage of patterns in real time
applications.

The evolution of sequential pattern methods redubesabove problems. But, the most of identified
patterns from sequential method are not informatitence, extraction of utility based patterns resgiia
special attention in the frequent mining domaine Titroduction of USpan algorithm is to retrieve thtility
based sequential pattern. The existence of tresdbasthods such as Sequential Pattern Trees (BRX)num
Utility Growth tree (MU-Growth) and Linear Prefit P-tree) for frequent mining perform restructuriby
single pass. The problems addressed in the tradltivequent mining works are the prediction faglusf
meaningful patterns due to the falling of closgeirtory locations into partitioned regions callédup boundary
problem. The Space Partition (SP) approach effelstisolve the sharp boundary problem. The exidtieguent
mining works affected by more run time, memory aonption and search space. To overcome these ighees,
Tree based Space Partition of Trajectory Patternigi (TSPTPM) algorithm proposed in this paper. The
novelty of TSPTPM lies in two ways as follows:

e During tree formation, the transaction with maximID considered as root node. The constructiotmes
is based on the priority principle such that alseegtracted frequent pattern is not considerecbas ar child
node rather than the node having next highestiprioext to already exist pattern acts as a roatenim the
successive process.

* The position estimation of frequent patterns pace partition algorithm modified in order to redube
exponential records which increases the densisgqfiences and assures the sufficient data comgmessi
The contributions of proposed TSPTPM algorithmasdollows:

e The construction of heap tree on the basis oftzom time compared to other tree structures whrehin
sub linear time basis.

e Polynomial run time reduction by a heap structmproved the efficiency of the system.

e The application of Vague Space Partition (SPpwtigm raised up the density of sequences whichaesl
the scanning time considerably.

Related work:

Mining of frequent item sets considered as a proldee to the rapid arrival of large diverse databamnd
raised the complex storage. Stream mining algosthmere involved on the basis of approximations. The
maximum frequency measure based mining considesednaeffective items mining. Caldees$ al. (2014)
extended mining of items into mining of item setg bsing an optimized incremental algorithm. The
maintenance of compact memory by the connecticabishment between results from number theory ard t
size. The evolution of bit table and index bit &ablechanisms in frequent mining of item sets w@tilithe fixed
size bit vector for each item in a sets which iasesl the memory consumption and computation tinoest\Al.
(2011) presented the Dynamic Bit Vector (DBV) ammio based tree structure for frequent mining. eval.
(2012) extended the DBV approach with the lookupetapproach and the interactions between the tRd<D
are estimated. The assumption for memory and tiresgoving was discussed. The sequential pattesideira
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transaction and inter-transaction pattern was mifieth several datasets. Vet al. (2012) utilized DBV
approach for Inter Sequence Pattern (ISP) miningo et al. (2012) proposed the concept of Most
Generalization Association Rules (MGAR) on the dadi some theorems. The redundancy of the rules wer
checked by the hash tables. The increase in nuoftferequent Closed Item sets (FCI) increased the for
generating MGAR. Vet al(2013) proposed new algorithm based on latticecgira for reduction of MGAR.
The maintenance of frequent item set lattice simects difficult. Voet al. (2014) used pre-large concept in
order to reduce the difficulty in maintenance. The application of frequent mining of item setseexted to
image classification tasks. Fernandb al. (2012) referred the transaction patterns as a uerdqLocal
Histograms (FLH) by considering the all histogramfibrmation in mining process. The selection of iespl
FLH patterns was performed. The extraction of feggutem sets from the uncertain database wascdlifi
since, they contains the exponential number of worélVanget al. (2012) proposed an incremental mining
algorithms for the reduction of re-execution of mmalgorithm for new data base. The discoveryreffient
item sets from uncertain data base also perforfbd.item sets categorized into two namely, strectiand
semi-structured. The evolution of graph based mpr&tions suitable for these models. Jiangl. (2013)
discussed the survey of mechanisms for the geoerati candidate sub-graphs and identification cireel
frequent sub-graphs. The search space for constnuzt graph models was more.

Lee et al. (2009) proposed an efficient Graph Based MininBNG algorithm for spatial-temporal
database. The sequential processes such as generhthapping graph and Trajectory Information (li$}s.
The mining of frequent patterns from the databasdopmed by using Depth First Search (DFS) traversa
Research works paid an immediate attention to raaiskr movement prediction. On the basis of semant
geographic features, Ying al. (2011) presented the novel cluster based prediatiodel for prediction of next
location of mobile user’s. The user behavioral nie@wolved in the real time process required thaatipg in
frequent mining of item sets. Cheagal. (2014) identified the computational burden of drapining methods.
Thereby, the exponential growth of result was agdidnd the applicability of graph patterns wererowpd.
Geet al. (2012) presented the real time vision based aisalgyspedestrian model as an example for human
collecting behavior. The utilization of multipleroaras on the large field provided the various impaterns.
Hence, frequent mining of image patterns playeig@ificant role in activity monitoring process lesath critical
data mining. Liuet al. (2012) used the Radio Frequency (RF) tag arraysh® development of practical fault
tolerant method. They counteract the RF tag naisecacated the models for regular activities. Trgd size of
applications introduced the spatial-temporal minprgblem, since they have approximate spatial ¢tajg
locations. The space partition approach effectivedyndled the approximate nature. But, the sharpdeny
problem occurred during the implementation of spaeition approach. Wangt al. (2013) used Vague Space
Partition (VSP) approach to reduce the sharp bayng@blem. They divided the spatial plane intoafetague
space grid cells and transformed the trajectorgtions into cells by using distance based membefshiction.
The inclusion of clustering and sequential miningpioved the split the trajectory pattern area. Slaa
Gopalan (2014) applied the threshold for the eximamf active clusters and they were arrangedeiscdnding
order on the basis of number of passed trajectofibe increase in volume of data affected the mgmor
consumption and testing time adversely.

Basu and Mishra (2010) developed an efficient kasking search algorithm for the test data in otder
create maximum similar patterns. The bit mask éasempression on the basis of dictionary seleatiethod
substantially reduced the memory and time consumpfihe bit mask algorithms were based on the qurafe
dictionaries. The run time analysis of associatigle mining algorithms such as trees, hashing apthdfirst
search and bit mask increased. Venkatesan andrBg(@811) used bit search technique effectivejuoed
the search and memory space there by efficiencyineasased. An Apriori algorithm in rule mining alithm
was popularly used. But, some limitations sucheagal iterations for data mining, irrelevant itegeneration
and prediction difficulties of unusual events wadglressed in the implementation of Apriori algarittAbaya
(2012) provided the improvement in Apriori algonithin such a way that the elimination of non-sigrafit
candidate keys by the introduction of factors df siee and frequency. The traditional bit seamthhique
increased the projection length and not compatilifle CPU 32 bit performance.

Boaddhet al. (2012) increased the density of bit vectors ireottd satisfy the CPU 32 — bit performance by
bit mask search algorithm. The bit mask searchessgptation improved the compression and compattiene
by efficiency of frequent mining improved. The madgiof strong association rules for frequent mininas
difficult and the scalability with the documenteialso required. Boaddit al. (2012) proposed an alternative
approach refers the bit search technique to rethescanning time. They utilized trees, arrayshimas tree
based approaches to validate the run time analZsimieronet al. (2014) introduced the bit wise parallel
algorithms for the extraction of matched contefitse usage of large number of entities degradednining
parameters such as search space and executior@eatha and Raj (2014) considered UP growth algaorior
mining of huge entities. Also, the discussion altbatapplication of Binary Mask search algorithmHandling
the density of bit vectors. The evolution of modemocessors by the multiple cores provided the mari
power output. Zhangt al. (2011) reviewed the exploitation of Single Instioe Multiple Data (SIMD) process
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for the improvement of tree search performance. dWerhead in memory access was reduced by dynamic
blocking pre-fetch on the basis of blocked treeniecture. Sequential pattern mining involved imsamer
behavior analysis of business concern. The enhagteim pattern selection framework provided by mgnof

high utility patterns (frequent or infrequent).

Yin et al. (2012) presented an USpan algorithm to extracthibb utility patterns. They introduced the
lexicographic quantitative sequence tree for tHeutation of node utility with pruning strategieSequential
pattern methods were not suitable for large clesdifanks. Hence, Orgt al. (2012) used the sequential pattern
trees for multi-class classifiers in a sign languagcognition. On the basis of hand trajectoriesy tuilt sign
level classifiers from sub units. Each item in itieen sets have its own significance. ¥bal. (2013) addressed
the significance by proposal of weighed items taatisn databases. Hence, mining of Frequent Weidfieea
sets (FWI) presented by an algorithm of Weighednltets Tree (WIT). Traditional tree based algorghm
created the nodes in an independent manner. Thatraotion of tree based on the connection estahksit by
the pointers. The involvement of number of pointie@ds to inefficient frequent mining. Py al. (2014)
presented the new form of tree referred Lineariréfee (LPT) in contains array forms thereby peist
between the nodes were minimized. Huge amountabtirae applications evolved high utility item setience,
mining of those sets were considered as an impodane in the research areas. ¥atral. (2014) presented an
algorithm termed as Maximum Utility Growth (MU-Gréhy, which used the Maximum Item Quantity Tree
(MIQ). MIQ captured the information about the datsé with single pass and the restructuring of MIQ
effectively reduced the overestimated utilities.eTMIQ based methods outperformed with the tradition
overestimated methods for the parameters of runtiorestraints. But, the execution time was morehia t
traditional approaches. Hence, frequent mining tiegiced by using the proposed method of Tree 8pade
Partition of Trajectory Pattern Mining (TSPTPM).

Tree Based Space Partition of Trajectory Pattern Mining:

This section illustrates the implementation of pregd Tree based Space Partition of Trajectory fatte
Mining (TSPTPM) search algorithm in sequential @sses as follows:

1. Clustering

2.Heap Tree formation

3. Tree based search

4.Vague Space Partition

The flow diagram of proposed method is shown in. Hig Initially, the dataset is passed through the
clustering process. The formation of clusters bamedhe user choice. For example, the user chsid®00,
then the transactions in accident dataset groud @06 transactions in a single cluster. SimilaQycBusters of
each 1000 entries are formed. The remaining erdriesncluded in another cluster. These clustassqaded in
forthcoming stages. Each cluster is applied to heap formation. In that, transaction with maximub
considered as root node, then, the nodes represestsnumber of transactions regarded as left naddshe
nodes with odd number of transactions as right addethe root node. The tree based transactionlseta is
applied to the Vague Space Partition (VSP) algoritivhich performs scanning process. The time interva
between start, end and support are calculated.v@ge space partition based on prefix span is irs¢kis
paper to extract the frequent mining of given dattasduces the computational time effectively.

3.1Dataset:

An open source data mining library termed as SPKér®various item sets, utility item sets for foeaqt
mining. There are six datasets are collected froenhttp://fimi.cs.helsinki.fi/data/ such as chessishroom,
connect and accident. The transactions and the ewaflistinct items for various datasets listed'able 1.

Table 1: Dataset description

Dataset Name Number of Transactions Number ofrdisiiems
Chess 3196 76

Mushroom 8124 120

Connect 67,557 130

Accidents 340184 468

The successive processes are performed in prog&ea@PM algorithm as follows:
Step 1: Initialize the transactions from the dai@se
Step 2: Formation of clustef§,,] = clustering(Tr;,)
Step 3: Construction of tr€&,) = Heap tree(C;)

Step 4: Application of space partition approachthe formed trepatt, = space partition(Ty) and

produce output
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3.2. Clustering:

The first and foremost process in proposed TSPTR@brithm is clustering. In this process, the
transactions from the data sets are extracted enggd together as a cluster of each transactitim tive ID.
The incremental clustering algorithm to form theistér is as follows: Initially, the transaction®rr the
datasets are extracted and storedrin The initialization phase includes the cluster tasd, counter
initialization. For each value of transactions, tisev value of cluster is computed from the comparisetween
the centroid and the threshold value. The ID isgagsl for newly added transactions to the clusters.

User Dataset

cho ice‘ l

Formation of clusters

_____ I S

Calculate length, neighborhood '
cells and memb ership value

l 1 heck m emb erhip
- Extract maximum ID - - value<threshold |
| Z 1| | :
1= T 13 |
! Set root l I - I
I I I Trajectory patterns S
— ™
| = Left node <- even 11 : 5
i E transactions - . Scanning (length = or > 0) ';‘ |
! = - Y 1 v =N
| = Right node.<- odd 1] E stimate the time interval ;3 E
£ transactions R (start, end, support) =3 '
I 1 ¥ 5 |
i e | e e — I Record information pairs 5 1
= )

Frequent patterns

Fig. 1: Flow diagram of proposed TSPTPM algorithm.

Clustering

Input: Dataset (D), number of clusters(K),
threshold
Output: Clusters(,,)

1. Initialize the clusters as null

2. Initialize the transactions as
(Tr,)=transactions

of (D)

3. Set centroid of cluster as

4. |Initialize the counter as count=1.

5. Forallx; € Tr,

6. For all ClusteE€ Clusters

7. |If [|lx; — centroid(Cluster)|| <
threshold

8. Updatecentroid(Cluster);

9. Assign the ID to transaction;

10. Count++

11. End if

12. Clusterg(C,) « cluster U newcluster

13. End for

14. End for

3.3 Heap Tree Formation:

A specialized tree refers heap tree based algorfthds the patterns with maximum ID. A comparison
based sorting algorithm divided the transactionirstet two regions sorting and unsorted region. Taemtive
procedure of shrinking makes the unsorted regitm sorted region with highest ID consider as ramden The
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heap tree construction algorithm receives the etust transactions as an input. Then, for eactsaetion in a
cluster, it extracts the ID of transaction. Thensaction array, transaction with maximum ID and tioe of
transactions are considered for tree constructigarithm refersodown(). The tree construction process is
repeated until all the clusters are used.obown () algorithm, the transaction with maximum ID is gets root
node. Then, the odd value of ID count is placedtrtg root node and the even values of ID coumptased at
the left to root node. The insertion of new tramismcto the heap tree consists of following proesss

Heap Tree

Input: Clusters(,,), count n
Output: Thetree Ty

For each cluster; for (i=1....n)
for each transaction in cluster
Extract maximum ID
Start=maximum ID;
While(start=0)

To down (Tr, start, count-1)
Start=start-1;

End for

End for

CoNoU~WDNE

» Check whether the new transaction is the lastqfartuster

» Newly added transaction consider as the child nodke root node only if the condition is satisfied
» Check the child node whether it is greater thaless than the root node.

» The child node will become the root node if it iea@ter than root node. Otherwise, it remains Bs it
» Finally, the heap tree is formed for all the trantigas in the clusters.

To down(Tr, start, end)

Root=start;
While root*2+1<end do
Child=root*2+1;
Swap=root
If(Tr[swap]<Tr[child])
Swap=child
L f child+1 < end and
Tr[swap]<Tr[child+1]

8. Swap=child+1

9. If Swap=root

10. Return

11. Else

12. Swap(Tr[root], Tr[swap])

13. Root=swap;

Nouo,rwnE

The heap tree formation using an algorithm is eibfiimplemented in MATLAB environment shown in
Fig.2. From the Fig. 2, it is observed that theendd 689 consider as a root node. The first levalhilfl are
attached to left and right leaf nodes of root nddé89. Then, the sequential formation such a way time
nodes with even number of transaction attacheddetfie root node and with odd values attacheteaight to
the root node. Finally, the constructed tree byhgighe heap tree algorithm passed to the Spacéidtart
algorithm.

3.4 Tree based space partition search:

The tree formation provided the necessary separatigtem sets with maximum ID, even and odd. The
tree structure contains n number of item sets.elach item set, frequent pattern extraction is plediby using
the algorithm as follows:

Tree based space partition search

Input: Item set in tree (n), transaction 10;4)
Output: output data base (T)
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1. Fork=1ton

2. Forj=ltoi

3. If(=1)

4. tk, j=1;

5. Else

6. tk,j]=0;

7. Endif

8. TI1, J=t[ Tiq, /IVSP(T[1,]])

9. For each transaction in input file

10. For each item in transaction
11. Pos=(item-1)/log(n)

12. If (item%(2*n)=0)

13. Item =2*n;

14. Else

15. Item=item%2*n;

16. VSPIT;y, pos];

17. End if

18. End for

19. End for

Fig. 2: Heap tree formation.

The item sets in the tree and transaction ID arergas the input to the algorithm. For each itehVsgue
Space Partition (VSP) of id and position are catad. The position value is updated by using tigarithmic
of ‘n’ number of transaction. The new position vals passed through the arguments of VSP whichigedv
the frequent item set

3.4Space Partition:

Space Partition (SP) represents the frequent ifmgided the required compression and compaction of
data. The item set in each transaction referrefileggient state if support value greater than #er defined
threshold value. The distance between vague gtisl @ad trajectory locations are large. But, they eequired
to implement the trajectory transformation. Thescalith the low membership values introduced thesaadn
transformed data. To eliminate noise, we set thesttold value () in the formation of membership function.
The cells with membership values less than thesHulel value &) are filtered during the transformation
process. The large threshold values damages thialsgaproximation semantic structure. Hence, treges for
membership threshold lies in between 15 % to 35T#e input tree which represents the item sets in
transactions transformed to the numerical datahagn $P process. The transaction file represente&mby
algorithm converted to array for future processing.

Vague Space Partition (VSP)

Input: Tree data base (T), membership
thresholdg), neighborhood value(n), length of
data base(l),
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Output: VSD

1. ForeachvalueinT

2. For each location point

3. Calculate the distance between two
nodes

4. Choose the nearest neighbourhood and
corresponding membership

5. Compare it with the membership
threshold

6. VSD =
items with minimum mebership value

7. End

8. End

9. Prefixspan(VSD)

The transactions from the tree converted to iterasenat which is masked by heap tree architectline
nearest neighborhood from space partition and tbempler transaction are performed. The compatietween
the obtained results with the item sets in a mesiierthreshold values form the mining patterns.e®ilise,
the comparison between the transactions continnddte support level is calculated.The proposed W&sed
on prefix span algorithm is proposed contains sicanprocess. The length of VSD obtained from VSP is
calculated.

Prefix span

Input: VSD, trajectory pattern (t), length (g),
Projected database (Proj(VSD))
Output: Frequent pattern set

1. If (g=0) /I Scanning prese

2. Find frequent grid cell in projected database
(Pro(VSD))

3. For each transaction (x) in VSD

4. t=x;

5. Record informatiore (T;,, time,y,,, support)

6. Else

7. Compare the time intervals for two sets
(time;, time;)

8. Calculate support and append to information
pair.

9. Accumulate total support in Proj(VSD).

10. End

11. Frequent pattern set=Information paifT;,,
time,,q, Support)

Then, check whether the length is equal or grahter zero. If it is equal to zero, the informatjmeair that
contains transaction ID, time interval and supp@iue are calculated. For length greater than zbe new
information pairs are calculated for each transactihe time interval between the selected andhheidhood
transaction are estimated. The supports correspgonidi time are also calculated. The value of ptefbc
database updated with the new calculated suppletobtained information pair denoted the necedsaguent
patterns. The vague space partition in frequentngiof item sets as shown in Fig. 3.
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Vague Space Partitioning
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Fig. 3: Space partition.
RESULT AND DISCUSSION

The Tree based Space Partition of Trajectory Raftéining (TSPTPM) proposed in this paper used to
obtain the frequent patterns in real time datasetslable in Frequent Mining Item (FMI) set. Thenmig time
analysis of proposed algorithm with various numbgitems is presented. The implementation of TSPTPM
algorithm is carried out in Intel (R) Pentium (RPQ G 630 (2.70 GHz) with 2 GB RAM memory with
Windows 7. The algorithms are coded in MATLAB R2009The real time databases from
http://fimi.ua.ac.be/data/ are used for implemeéartatThe items required for cluster formation frime selected
datasets are 500, 1000, 1500, 2000, 2500 and ¥pe@ctively. The evaluation of time with the itepreves
the effectiveness of TSPTPM frequent item sets mgini

Mining Time Analysis:
The analysis of mining time of proposed TSPTPM atgm with the different cluster items are listad i
Table 2.

Table 2:Mining time analysis

Mining Time Analysis
%‘:ﬁ;er Chess Mushroom Connect Accident

Apriori TSPTPM Apriori TSPTPM Apriori TSPTPM Aprior TSPTPM
500 1.3196 0.8738 0.9403 0.6886 2.4182 0.8799 B8.303 | 1.2934
1000 1.3322 0.6301 0.9521 0.734 2.4475 0.941 1.3396| 0.9956
1500 1.1039 0.629 0.9396 0.7776 2.5103 1.1073 8.347 | 1.1599
2000 0.9933 0.6332 0.9207 0.841 2.5774 1.3119 6.334 | 1.1211
2500 0.7871 0.6386 0.9333 0.8832 0.9333 0.8832 47.32 1.101
3000 0.7314 0.6152 0.9636 0.8546 0.9636 0.8846 08.40 0.956

The root node with maximum ID selection improved #pace partition process. The analysis with variou
cluster items for all the data sets also preseint&i. 4 to 7 respectively.
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From the Fig.4 to 7, it is observed that for grogpof many items in the cluster, the value of mjniime
for TSPTPM is less compared to Apriori. The simpéfion provided by the tree based network optichitee
partition approaches which minimizes the time comstion.

Conclusion:

Tree based Space Partition of Trajectory Pattemiridi (TSPTPM) algorithm is proposed in this paper
in order to provide the reduction in time consumptiA novel method, which adopted clustering awe tr
structure for the extraction of the frequent pateirom the real time datasets provided by opemnceodata
mining library refers SPMF and National Instituté Statistics for the region of Flanders. Initiallihe
clustering process grouped the transactions arignessthe ID to each group. Then, heap tree alguorit
constructed tree from the cluster of transactidrige transaction with maximum ID considered as & roo
node and the child nodes placed at left and rigjlat toot node denoted odd and even number of thosa.
Finally, Vague Space Partition (VSP) approach regmtation of frequent item started at root nodeigen
the maximization in the density of sequences asdrasce of effective data compression. The minimg t
analysis between the proposed TSPTPM and the mxisfpriori for various number of items in each ¢hurs
proved the effectiveness in tree based frequenimin
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