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ABSTRACT

The modern era is entirely data driven. Differepplacations demand accessing big data for
optimizing their performances. Text based data iamaje based data are two types based on
which a substantial amount of researchers has peting their efforts at least for the last two
decades. The challenge of data processing and cgudrgte analysis become gruesome
specifically in the domains which are query inteasin nature. Different end users have
different types of requirements and the challemggih accessing those data in an optimal time.
The present research work has mainly highlightenl dapects regarding this. The first aspect is
about storing the frequently accessed data in ausfay that they can be accessed in minimal
time for satisfying customers’ requirements. Fas fhurpose, the usefulness of a database object
called materialized view has been analyzed in geearch work. But it is computationally
complex to choose the sets of views to be mateedli Different methodologies have been
proposed here regarding this. For the generatiormaferialized view which is used for
physically storing the result set of a query oeaes of queries as a separate database object, two
principal algorithms have been explored and utliaed these are genetic algorithm and apriori
algorithm. Two different techniques based on genaiigorithm have been proposed and
subsequently comparative studies have been dorfe switne existing methodologies. The
effectiveness of Boolean Association rules has lieesstigated to optimally choose views to be
materialized based on apriori algorithm. The secasgect of the research work is about
utilization of materialized views in two domain®se in the field of text based data and another
in the field of image classification. The formepépation has immense influence in the areas of
incremental data mining and the later one is basecbntent based image retrieval. The efficacy
of content based image retrieval for image classiibn has also been elaborately done as well
in the research.
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CHAPTER 1
INTRODUCTION

Commercial application of database has become gifieel because of its manifold
applications. Data scientists, database enginegt«kmaowledge workers are constantly in the
process of applying different features of a dataladl its allied topics like data warehouse in
business intelligence. So, data analysis has be@meportant topic of research now-days
and has a huge potential, especially in the e-camensector. The data scientists and the
knowledge workers are constantly in the lookoutddyetter usefulness of the huge volume of
data that a data warehouse or a large databasstaray For this, the roles of different database
objects have become significant. A view is suclataloase object. The present chapter has been
organized as follows:

Section 1.1 gives an overview of a database obpt#d Materialized View and its generation
processes in the context of the present researdk Bection 1.2 briefly discusses about some
real life application areas of the materializedwi@ connection with the research work. The
subsequent section highlights the main aspects eoietg: algorithm. Next two sections
respectively put forward the aspects related toemental data mining and content based
image retrieval. The final section concludes bgirg different research questions addressed in
this thesis.

1.1 MATERIALIZED VIEW

A materialized view is a database object useddeghe output of a query or a set of queries
as a separate physical entity [1]. This means d@véme original tables, from which queries
were generated, get removed from the database dkerialized views remain in the database
and effectively they can later be referred for stéa query execution [2]. These views are
mainly used to physically store the frequently askata, which are retrieved mainly from a
data warehouse or any master database site whaheigository of historical data. Figure 1.1
roughly sketches the scenario.



Meterialized
View
Site

Figure 1.1: Communication between a materializesnsite with other master sites [3]

Specifically for OLAP operations on a data wareleasmaterialized view can be used to store
data in the form of aggregation from the base &api¢ View materialization for aggregated
outputs is more essential because queries involgggregated form of data are the costliest
ones. So instead of referring to the base tableb @éme, a materialized view will do the
needful without executing the queries. It may dsaequired to create index structures on the
materialized view for accessing data in an improweg.

There are specific advantages of using materialideds in applications which are query
intensive in nature. These are described next:

* Whenever a query, accessing the data gets exedusedns through the relevant tables
to fetch the necessary records. But data can lbedétdirectly from the materialized
views instead of having to execute the queriesyetmere. The more complex a query is,
the more time will be saved using a materializexwi

* Materialized views provide a consolidated outpuinfrcomplex query logic. This
makes data transformations and understanding edsieranalysts. Hence, with
materialized views, any complex query is more maaatg.

* Materialized views also provide a specific datatoegal from the base tables. It may
also be possible to configure read consistencyateralized views. With materialized
views, data can even be made available in multi-esgironments where concurrency
control is essential.

« With materialized views, distribution of data agomany geographical locations is
possible by data replication. The people requithregdata may directly interact with the
replicated data store which is closest to them ggagcally. Data replication and
distribution with the help of materialized view @it significantly reduce the network
load.



* Materialized views may also provide time-stampedpshots of datasets in a periodic
interval of time. These help in decision suppostsgn by dynamically understanding
the changing scenarios in a business platform.

» In distributed database systems, materialized vieag be used to optimize queries
involving data from remote servers. Data can behfd and stored from a remote
source in the form of materialized views. Lateradatay also be updated, if required. So
rather than repeatedly fetching data from remotations, they can be fetched and
stored in a local materialized view. This reduche network load and helps in
optimally utilizing the network bandwidth. So thimpplication directly helps in
performance enhancement.

» Materialized views are also helpful for situatiombere periodic batch processing is
required.

To be very specific, a materialized view can beyweffective in the applications where the
queries involve natural join operation. This is lakped below:

In a database, a natural join operation deals wiéhreferential integrity constraint on the
selected relations. Let R1 and R2 be two relatibaging n1 and n2 number of tuples
respectively. If R2 is dependent on R1 then R2 ddsreign key which relates R1 through
referential integrity. Since R1 has nl1 number gflés then the primary key of R1 has nl
number of unigque entries. A natural join is prihatased on Cartesian product operation
which when applied on R1 and R2, will generate ¥ni2) number of tuples. But after natural
join, this number will reduce depending on the weakqguality of the foreign key and the
corresponding primary key. After natural join of Rdd R2, let the number of generated tuples
be [ (n1 x n2) — n ], where n is the number of 8rifee referential integrity constraint does not
match and n is a positive integer. Let J be thebmrmof times the natural join between R1 and
R2 has been executed from different users. Sontnaber of generated tuples from all these
operation is J x [ (n1 x n2) — n ]. If the costpobcessing natural join is C then the total cost is
J x C. Considering the generation of all the tupleis cost may reach a large value specifically
when the datasets of the participating relatiores farge. A materialized view plays its role
exactly here. If a materialized view stores thagoi output then the cost of overall operation is
reduced by a factor of J. If there are N numbeswfh natural join operations on a given
database with Ci is the cost of performing fAgin operation and Ji is the number of times the
i™ natural join is executed then the overall reductibcost, is materialized view is createds is

Ji, where Ki<N.



Hence generation of materialized views can sigaifity reduce query execution time. For
analyzing the effectiveness of materialized vidwve, following example is demonstrated.

Let us consider a portion of a normalized datalthaé deals with the billing process of a
manufacturing house and has three tables namely Bil Item and Product_Costing. The

sizes of the tables are calculated on the basteeohumber of attributes and the number of
bytes occupied by the attributes. The tables ave/stbelow:

Attribute Type Size (in Bytes
Bill_Id Integer 4
Bill_Date Date 8
Customer_Id Integer 4
Status Integer
Comment Text 50

Table 1.1: Bill table in the database

So, the size of a single tuple for the above tabld bytes.

Attribute Type Size (in Bytes

Bill_Id Integer 4
Bill_Line_No Integer 4

Product_Id Integer 4

Description Text 50

Ship_Date Date

Quantity_Delivered Integer 4
Unit_Price Long 8
Sell_Price Long 8

Table 1.2: Bill_Item table in the database
So, the size of a single tuple for the above tab® bytes.



Product_Costing
Attribute Type Size (in Bytes
Product_Id Integer 4
Operation_Id Integer 4
Employee_Id Integer 4
Start_Date Date 8
Finish_Date Date 8
Elapsed_Time Date 8
Rate Long 8
Cost_Price Long 8

Table 1.3: Product_Costing table in the database
So, the size of a single tuple for the above tab&2 bytes.

For considering the advantage of using materialied, the following information for the
above database is considered.

Average products manufactured per day = javg; @eerbills per day = iavg; average
product_costing rows per product = ravg; day oome d.

Since the profit analysis is a major operation thasked for the management of the concerned
organization, this analysis is based on creatintenaized view which will store this profit
analysis information. For a better and efficientfppranalysis, the management keeps track of
job profitability. This analysis requires cost,Isetd profit for each job. To get this output, the
required SQL statement is as follows -

Select p.product_id, sum(cost) “Cost Price”, sui)(8ell Price”, sum(sell) — sum(cost) Profit
from product_costing p, bill_item b where p.produdt= b.product_id group by p.product_id.
The above query will give product wise profit detai

Since there argyjy manufactured products per day and d number of day®cords, there are
(Javg x d) number of rows in the bill_item table. Coresidg b bytes per block of prefetch
buffers for 1/0 operations, number of rows per pteti buffer in case of Bill_Item table =
floor((b bytes per block) / (90 bytes per row)) leadir(b/90) rows per buffer. So, the total
number of buffers required for this table is cg@@ x d)/floor(b/90)).



On the other hand, the profit_costing table cost@ing x d x kg number of rows as there are
ravig NUMber of rows per product. So, the number ofsrper prefetch buffer = floor(b bytes per
block) / (52 bytes per row)) = floor(b/52) rows peuffer. Hence, the number of buffers
required to store all the rows of that table =(¢gily x d X kg / floor(b/52)).

Since the SQL requires to join two tables, seqakrgcans on both the tables may be
performed. Now, assuming t unit of time as /O tifoeb bytes of prefetch buffer, total join
cost = Toin = [{ceil((javg x d)/floor(b/90)) + ceil(Gvg % d X kyg / floor(b/52))} x t ] unit of time.
This will generate a moderately large value of tilmrea standard size of organization. Instead,
if the output of the given query is stored as aemalized view, the query generation time will
be reduced drastically.

The output of the above SQL statement has only &twibutes namely product_id, cost_price,
sell_price and profit. This output is stored as iewand let the name of the view be

Product_wise_Profit which is shown below:

Attribute Type Size (in Bytes
Product_Id Integer 4
Cost_Price Long 8
Sell_Price Long 8

Profit Long 8

Table 1.4: Product_wise_Profit view
So, the size of a single tuple of the above vie@Bdytes.
Naturally, the number of rows in this view will bs same as that of Bill_Item table. Therefore,
the number of rows per prefetch buffer = floor(jtds per block) / (28 bytes per row)) =
floor(b/28) rows per buffer. This value is less rthigoor(b/90) which was obtained earlier.
Therefore, the number of buffers = cel¢jx d) / floor(b/28)) which is less than ceik{ x
d)/floor(b/90)), the value obtained for Bill_lteralte.
To create the materialized view, the output ofdbeve SQL statement needs to be written to
the disk and this will take [ceily x d) / floor(b/28)) x t] unit of time. Let this bienoted by
Twrite- SO, the materialized view Product_wise_Profitaticn cost = Treate = Tjoin + Twrite- The
above result is obtained for shared disks asassimed that different tables may be stored in

different disks for storing constraints.



Now, if a dedicated disk is considered compared $hared disk for creating the materialized
view, as it may be created in business off-hotns creation time may further be reduced. Then
the join time will be Tin = [{ceil((javg X d)/floor(b/90)) + ceil(fvg * d X kyy / floor(b/52))} x

t' ] unit of time. Clearly, Toin < Tjoin @s t < t. So, the new creation timé.fae= T’join + T'write,
where Turite IS the required time for write operation for a idated disk.

Now, the query I/O time with Product_wise_ProfiT == [ceil((javg % d) / floor(b/28)) x ] unit

of time, considering dedicated disk of storage. ddemhe number of accessed buffer is
significantly reduced here, € T.

If the frequency of the above query is g per ddye total disk I/O time before
Product_wise_Profit = b = query frequency x I/O time per query = (q fnJ unit of time.
Again, after Product-wise_Profit is created, th&ltaisk 1/O time = T,o = creation cost +
query frequency x 1/O time per query =4daet q x T) unit of time.

Now, T' << Tjoin and TereateiS t0 be considered only once. So, the materidhzew improves

an overall I/0 performance and query response thkadhe value of g increases, this advantage
becomes more evident.

In this regard, there is an inherent problem ass$ediwith the generation of materialized
views. From a list of great number of outputs cagriirom different queries, identification of
the required data for materialization is a majogaaof concern and hence is a subject of
research. The present research work deals withcategories of algorithms pertaining to the
selection of views to be materialized. One categuryhe algorithm is purely based on the
features of genetic algorithm which is one of teerstic search algorithms and is a part of the
family of evolutionary algorithms. Another proposatyjorithm for view materialization is

based on a seminal algorithm called Apriori aldons.

1.2 APPLICATIONS OF MATERIALIZED VIEW

There is a significant role of materialized viewapplications associated with data mining.
Creating a materialized view can significantly reeluhe costs required for expensive or
frequently executable queries and hence also rethgceosts involved in the mining tasks. But
there is a necessity to subsequently upgrade theutsuincurred from the data mining
operation. A process called incremental data migergplay a crucial role in this scenario. It is
a technique which needs a periodical refresh ojperain the outputs that have been generated

by the knowledge discovery module of a DecisionfupSystem associated with an



enterprise which needs to analyze the historict.da this area of applications, a materialized
view can be optimally used to effectively reduc® Kost instead of running a costly data
mining algorithm each time for pattern generatidimme proposed method in the present
document talks about the role of materialized viewcremental data mining operations.

Another application area which has been addresséuki thesis is related to the utilization of
the outcomes stored in the materialized views endbmain of content based image retrieval.
This image retrieval process depends on the sggmifiand the defining contents of an image.
Hence the image database does not necessarily thi®rentire image. So it subsequently

reduces both the storage as well as the retrigwalto tackle the image classification problem.

1.3 GENETIC ALGORITHM

Genetic algorithm is a method based on the priasigf natural selection dependent on the
biological evolution [5]. This method can be used dplve both the constraint and the
unconstraint optimization problems by repeatedlyditying a population of individual
solutions. For a given problem, a genetic algoritieds to encode the decision variables of
the problem into finite-length strings of alphabetscertain cardinality. These strings, which
are candidate solutions to the problem under cersiin, are referred to as the chromosomes
and the alphabets are referred to as the genebk.deme is associated with a value known as
the alleles. In contrast to the traditional optiatian techniques, a method based on the genetic
algorithm works with encoding of parameters, rath@n the parameters themselves. To
identify and evolve good solutions and to implemaatural selection, there should be a
measure for distinguishing good solutions from lsamdutions. This measure could be an
objective function that is a mathematical modeltazan be a subjective function where the
better solutions are manually chosen over the wones. The algorithm is driven by a measure
called the fitness function which determines a @daté solution’s relative fithess over others
and this will subsequently be led towards the ev@miuof the most optimal solution or a set of
solutions [6]. Another important concept used by thenetic method is the concept of
population. Unlike traditional search methods, genetic algomghrely on a population of
candidate solutions. The population size, whichsigally a user-specified parameter, is one of
the important factors affecting the scalability gmelformance of genetic algorithms [7]. A
relatively smaller population size may lead to enpature convergence to the solution resulting

in a poor quality solution.



On the other hand, an unnecessarily large populaipe may lead towards misuse of the
valuable computational time. Once the given probiem@ncoded in the form of a chromosome
and a proper fitness function has been chosenyiegothe solutions to the search problem
need following essential steps:

Initialization: The initial population of candidate solutions isually generated randomly
across the search space. However, domain speaificapplication specific knowledge may
have to be incorporated.

Evaluation: Once the population is initialized or an offspripgpulation is created, the fithess
values of the candidate solutions are evaluated.

Selection: This step allocates more copies of the solutionth Wigher fitness values. It
effectively implements the survival-of-the-fitteshechanism on the candidate solutions.
Recombination: Recombination is a set which combines parts of twomore parental
solutions to create new and possibly better saistionown as the offspring. Practically, the
offspring generated from recombination will notidentical to any particular parent and will
instead combine parental traits in a novel manner.

Mutation: Mutation is an essential step of genetic algorithrough which a local but random
modification is imposed on the chromosomes. Sorigstto modify the features of the
chromosome in such a way that getting an optimundicate solution becomes easier and
smoother.

Replacement: The offspring population created by selection,orebination and mutation
replaces the original parental population. Manylaepment techniques such as elitist
replacement, generation-wise replacement and stgaty replacement methods are used in
genetic algorithm based solutions.

The above steps are repeated until a terminatindition is met.

1.4 INCREMENTAL DATA MINING

The patterns or the outputs generated from a sgieries may be time specific and hence need
to be periodically refreshed. Each update operatian potentially invalidate some of the
previously obtained outputs
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Figure 1.2: Process flow of incremental data mirj8ig

So it is necessary to maintain an incremental amgbrdor materializing views for online
analytical processing and various data mining aptibns. One of the major problems in data
mining is the processing time of the queries. I leeen observed from different mining
practices that the majority of data mining quers only minor modifications of previous
queries. Given these circumstances, data miningesgsshould try to exploit the results of
previous queries, instead of running a completeingimlgorithm for each query. Figure 1.2
depicts the process of incremental data mininginfsnemental mining algorithm requires the
results of previous queries to be available. Ong tea preserve those results is to use
materialized data mining views. Materialized dataing views store the mined patterns and
refresh them as the underlying data change. Iner&hdata mining technique is an approach
to get the updated output obtained from a datangioperation.

1.5 CONTENT BASED IMAGE RETRIEVAL

Content-based image retrieval is a technique usesearch images from large scale image
databases by using their contents which may be\nsttal as well as semantic [9]. The visual
contents may be general or domain specific. A gadnésual content may include color, shape,
texture and spatial layout of the image whereasmaih specific visual content is application
dependent and may involve domain knowledge. Semantitent is obtained either by textual
annotation or by complex inference procedures basethe visual content. Considering the
color of the image, some of the parameters thaergdly affect this process include the color
space, the color moments, the color histogram tbkrccoherence vector, the color
correlogram and the invariant color features. Ga dther hand, if the shape of the image is

considered then the parameters that affect theepsaaclude the moment invariants,
10



the turning angles, the Fourier descriptors, thmeutarity, the eccentricity and the major axis

orientation. The content based image retrievalriggte may also be used to index images. In
this approach, after extracting the visual conteaftthe images they are described by multi-
dimensional feature vectors. The feature vectorhefimages in the database form a feature
database. Once retrieval of an image is requi@tiesexample images are fed into the system
which represents the images in the form of featwmetors. The similarities or distances

between the feature vectors of the image underycaed those of the images in the database
are then calculated and subsequently retrievarfopned with the help of an indexing scheme

effective for the system under consideration. FeguB demonstrates the process.

Feature
Anl > :
mage Extraction l

Sinulanty Matched
Measure > Results

L%

Figure 1.3: Process flow of content based imageexet [9]
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Figure 1.4: Different internal procedures underteahbased image retrieval [10]
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As evident from figure 1.4, the detailed operatiorder content based image retrieval may
broadly be divided into two stages — an offlinggstavhich creates a database involving various
aspects related to the features of an image andnlne stage which tries to identify the

similarity measure by comparing the features alyestdred in the feature database with the

ones extracted from the new image under considerati

1.6 RESEARCH OBJECTIVES

Storing and retrieving the required data set falysis has become a major research objective
specifically in the applications related to endrasélence to summarize, the thesis aims to
answer the following research questions:
1. How can the features of genetic algorithm be @dizo generate a materialized view?
2. How can the feature of frequent itemset generadioApriori algorithm be utilized in
the generation of a materialized view?
3. How can a materialized view be optimally used for iacremental data mining
operation?
4. How can a materialized view be an effective wayclasifying different images with
the concept of content based image retrieval?
So the research work has two perspectives — one igilize different soft computing and
seminal methodologies to build materialized viewd another to apply the characteristics of a

materialized view in different domains of data mgpiand analysis.

1.7 THESIS ORGANIZATION

The purpose of this section is to concisely stageway different chapters of the thesis is built
upon the previously done researches on the samaid@nd hence tries to derive the answers
put forward in section 1.6. Figure 1.5 gives a flofvthe work described in the thesis. As
mentioned in the previous sections of this chapter,thesis revolves around the concept of
materialized view creation strategies and its veiapplications in the possible domain. Hence
one set of tasks gives focus on the few novel amtres of materialized view creation using
genetic algorithm and Apriori algorithm. The otheet of tasks describes some areas of
applications where the benefits of materializedvgiecan be utilized. One such application
highlighted is related to incremental data minimgl ather application is in the field of content

based image retrieval.
12



The entire work is divided into two separate
interrelated tasks — One is about the creation hef |t
materialized view and another is about utilizatioh

materialized views in different domains

/\

Creation of materialized vie

Applications of materialed view

Use of Geneti Use of Apriori Application of Application of

algorithm for view algorithm for view materialized view materialized view

materialization materialization in Incremental Dat& in Content Based
Mining Image Retrieval

Figure 1.5: The flow of the work developed in thedis
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CHAPTER 2
RELATED LITERATURE SURVEY

The chapter is dedicated to the survey of litemteading towards different algorithms and
applications proposed in the entire thesis. Ivident from the first chapter that the basis of the
work proposed in the thesis is materialized viewhviis generation processes and hence most
of the surveyed research papers have been onottits dnd section 2.1 is dedicated on this.
Section 2.2 highlights the contents described & ritsearch papers dedicated to the various
applications on the incremental data mining wheseggion 2.3 gives the summary of various

studies related to the content based image relnevaess.

2.1 MATERIALIZED VIEW AND ITS GENERATION ALGORITHMS

Since a materialized view is a database objectlwkiores and maintains the outputs of the
queries on the data warehouse, different algoritimage been developed for efficiently
extracting the required views that run on histdritata, to be materialized. The architectural
issues concerning the efficient design of a mdteed view to be a part of a data warehouse
hugely depend on a problem known as the Materihzew Selection (MVS) problem, which
is the problem of choosing an optimal set of vidgwsnaterialize under resource constraints.
The MVS problem has been shown to be NP-Completéhéndata warehouse literature,
considering data cubes for identifying materialiagdws [11]. Another method for view
materialization using streamed data was proposeal riesearch work [12]. Another research
work [13] had used a greedy algorithm and this psap was based on some heuristics to
design data cubes which would ultimately lead toogtimal materialized view selection.
Considering all these ideas, an approach was tescin a research work [14]. By utilizing a
data mining technique called clustering, a framéwfor materialized view selection was also
highlighted [2]. A number of other research worles/é been done for view materialization
using greedy algorithms [15]. A tree based materdlview selection algorithm was proposed
in a research work [16] keeping the overall worklor execution of queries in mind.
Different research work had also exploited the pidé of materialized view by designing a
fast and scalable algorithm [17][18]. For query imization using materialized views, a

dynamic programming model was proposed in anotssarch work [19][20].
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Description of the use of materialized views in d&adatabases was found in [21][22]. The
role of evolutionary algorithms, specifically geioetlgorithmic for materialized view selection
were proposed in many research papers [23][24[2BH]27][28][29]. These algorithms aim to
select views for higher dimensional data sets withkey challenge of selecting views of high
quality i.e. low total view evaluation cost (TVECAnother research work has applied
randomized algorithm for view materialization [30Rlong with view materialization,
maintenance of the same is also required and aogbyddifferent methods were proposed in a

number of research papers [31].

2.2 APPLICATION OF MATERIALIZED VIEW IN INCREMENTAL
DATA MINING

Since the present research document discusses @amgpecific applications of materialized
view — one in the domain of incremental data minamgl content based image retrieval,
researches that have been done in these areagyhlightted here. There have been very few
researches done on the field of incremental datangpiso far. A research work [32] gave a
method to discover the association rule among ¢be &f data present in a large database. The
idea of incremental data mining was at first diseasin a research work where a novel method
called Fast Update Algorithm (FUP) was discuss&(l. [Bhis research was further expanded in
another research work [34], where an algorithm pragposed to minimize the re-computation
operation to find out the updated mined data frotraasaction database when some new data
sets are added or some existing data sets are eeméwn approach of implementing an
incremental data mining operation on the sequepétérns of data was discussed in a research
work [35].

2.3 APPLICATION OF MATERIALIZED VIEW IN CONTENT BAS ED
IMAGE RETRIEVAL

The methods in the field of content based imageekatl have been discussed in a very few
research papers [36] and all of the research pampmisdiscussed methods of performing
content based image retrieval using color-baseabesthased and depth-based features of the
images [37][38]. In this work also, the color-basagproach, based on color moments
algorithm [39] and shape-based approach, basectighthand width ratio have been used to

perform image retrieval and image classification.
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In the same domain, to increase the accuracy dsawéhe efficiency of the method, a number
of critical areas like feature extraction and setecwas considered in a research work [40].
Another work on this domain dealt with data repnégton and similarity measure [41]. To

query an image from an image database, clustegolgniques were proved to be a better

solution [42].
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CHAPTER 3
MATERIALIZED VIEW CREATION USING GENETIC ALGORITHM

3.1 INTRODUCTION

Commercial applications of database have, of laggome diversified because of manifold
applications. Data scientists, database enginewtkiaowledge workers are constantly in the
process of applying different features of a datalad its allied topics like data warehouse in
business intelligence. Since huge amount of datanigmportant and integral part of the
process, use of data warehouse automatically came@gshe scenario. A data warehouse is a
very large database system that collects, sumnsasizd stores data from multiple remote and
heterogeneous information sources. Data warehouagsalso be used for supporting decision
making operation on an intelligent system. The sleni making queries are complex in nature
and take a large amount of time when they are gainat a large data warehouse. To analyze
the historical data present in the data warehale@, mining is an effective way which can be
used to study the pattern of the huge amount @f @aich affect the business scenario. For the
purpose of analyzing the data, views play signifia@le. A view, which is a database object,
can be used to logically store the output of alukga query executed on the tables from a
database. This database object can be used tafydinet nature of the queries that the users
run. A materialized view, which is another datababgect, is an extension of a view and is
mainly used to physically store the frequently asHlata, which are retrieved from a database
through queries and even from a data warehouseat@rralized view can be used like a cache
which can be rapidly accessed [2]. So the basipqa# of using a materialized view in
business process model should be to minimize tleeygexecution time. This will be of great
importance specially if the nature of the queryasy complex, i.e., if a query contains any join
operation or any aggregate operation. At the same,tit is to be considered that a
materialized view is very much time specific andyély depends upon the historical dataset.
This type of view should store the outputs of ttegfiently asked queries from a database or it
should store the outputs of the queries of majgooitance. This is a point of concern to
identify the queries to be considered for a madliegd view from a set of queries. But the
problem is that from a list of great number of aufp coming from different queries,
identification of the required data for materiatina. Different algorithms have been proposed

in this regard.
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All of these algorithms that have been proposethsan connection with the selection of the
proper data come from queries or stored in logidalvs, which are to be identified for
materialization. From these algorithms, the greesyes have been proved to be more
successful in efficiently identifying the list ofugries to be considered for the formation of
materialized views. Genetic algorithm has also baead in this context. A method for
materialized view selection using a genetic alponit approach has been proposed in [23],
considering the candidate views as the genes ighltmmosomes. The present research work,
as described in this chapter, has been done ohatie ideas that was proposed in [23] with
some additional constraints.

In this chapter, two different methods have beetwdised for view materialization. Both the
algorithms described are fundamentally dependeranoevolutionary class of algorithm called
genetic algorithm which can be effectively useddolving optimization problems. Section 3.2
gives an overview of this algorithm that consists poocesses mimicking the biological
evolution and hence involves the steps like cross@nd mutation. Any problem based on
genetic algorithm repeats the population of indmaldsolutions hoping to get a better outcome
in the current instance compared to the previowes ©he first method, described in section 3.3
primarily considers two factors for view materialiion — the size of each view eligible to be
materialized and the time to generate each view.tl@@nother hand, the second approach,
described in section 3.4 focuses on the frequerdfiedl the attributes present in the views
eligible for materialization. A comparative studyithw existing ones has also been done

considering few parameters..

3.2 AN OVERVIEW OF GENETIC ALGORITHM

Genetic algorithms (GAs) are adaptive heuristiccdeanethods based on the evolutionary
ideas of natural selection and genetics. Theyragiried by Darwin’s theory about evolution —
“Survival of the fittest.” They represent an inigéint exploitation of random search used to
solve optimization problems. GAs, although rand@djzexploit historical information to
direct the search into the region of better perforoe within the search space. In solving
problems, some solution(s) will be the better t#imers. The set of all possible solutions is
called the search space or the state space. Eatdhrpthe search space represents one possible
solution, which can be marked by its value. Thiknsewn as the fitness value for the problem.

GA looks for the best solution among a number afsiide solutions.
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Figure 3.1 gives a block diagram related to thekimgy principle of genetic algorithm.
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Figure 3.1: Working principle of Genetic Algorithj#3]
The basic steps of a genetic algorithm are statémib
Initialization: An initial population of all chromosomes is usually generated
randomly within the search space.
Evaluation: Once the population is initialized or an offspring population is
created, the fitness values of all individuals within that population are
evaluated using a proper fitness function.
Selection: Selection of two parents with higher fitness values for recombination.
The main idea is to prefer better solutions to worse ones.
Crossover (Recombination): Recombination combines parts of two or more
parental solutions (or individuals) to create new, possibly better solutions
(offspring).
Mutation: Mutation basically alters one or more gene values in a chromosome
fo maintain genetic diversity from one generation of a population to the next.
Replacement: The offspring population created by selection, recombination
and mutation replaces the original parental population.

Repeat steps 2-6 until a terminating condition is met.

3.3 A SOFT COMPUTING APPROACH OF MATERIALIZED VIEW
CREATION

A materialized view is dependent on the data thaff@etched from the database using different

forms of queries. To form a materialized view, bdkie space and the time should play

important roles as each of the materialized viewistake some time to generate depending on

the complexity of the query and it will occupy somspace in the disk depending on the

attributes that are involved in the formation of thaterialized view.
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The algorithm that was proposed in [23] had considi¢he space constraint only in the form of
the view size in connection with the views consgdefor selection in the chromosomes. The
present work has additionally considered the tinfe view selection along with the
consideration done in [23]. The proposed algorittitat is named as View Materialization with
Soft Computation (VMSC) in this chapter paper isdzhon a closed lattice where each node
represents a view. This lattice is a representatioa data cube in the form of a graph data

structure.

Figure 3.2: A sample lattice with three attribuées8 and C

Figure 3.2 depicts a lattice of three attributesBAand C. Since there are three attributes, the
lattice contains eight vertices, also known asdiigoids in this context. In general, if a lattice
deals with n number of attributes, it will haverumber of cuboids. An attribute may also be
referred as a dimension in explaining the formatbthe lattice. In the context of the database
structure and the subsequent formation of datalveaise from that database, a lattice contains
the aggregation of attributes in the form nodesestices. The root node basically contains the
fact table which is formed by taking all the keyriutes from the corresponding dimension
tables. So a fact table is a data structure fromectwthe views are to be considered and the leaf
node stores the information related to aggregatib@ll the attributes present. The results
generated after applying the steps proposed irpitegent algorithm has been compared with
the results that would have been obtained afteltyaqgpthe algorithm as stated in [23]. The
number of views has been determined from the numbattributes that led to the formation of

the relation or fact.
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In accordance with the property of a lattice, thember of views to be considered for
materialization has been taken &8 where ‘dmnsn’ is the dimension or the number of
attributes of the lattice or data cube to be careid.

In this algorithm, the following three parametees/é been considered for defining each node
in the lattice structure:

a) Index: Each node or view has been indexed fovewience in terms of reference.

b) Size: Each node or view has been assigned amdpdyenerated value as size which
is within the range between 1 and 1000. The roadkenoas been assigned with the value of
1000 while the leaf nodes have been assigned watlvalue of 1 by default. The value of size
for each node reduces as nodes are visited fromotitenode to leaf nodes of the cube. This is
simply because the root node itself contains @latiributes whereas the number of attributes
decreases as the cube is traversed down from ttenode. All the intermediate nodes have
been assigned with the values depending on thsitipies in the lattice.

C) Time: Each node or view has been assigned aonalydgenerated value as time (in
milliseconds) which is within the range from 0 t00D. The root node has been assigned the
time value of 0 while the leaf nodes have beergassi with the time value of 1000 by default.
The value of time for each node increases as sadedown from root to leaf in the lattice.
This is because root node contains all the atekuso materialization process will take the
least amount of time if the root node is consideard at the same time, since the number of
attributes starts decreasing as the nodes ared/iddwnward in the data cube, more time will
take for materialization as the number of attrisutdready available in the node is less
compared to the number of attributes already abvlailan the lower level nodes in the lattice
structure.

Each node in the lattice has been assigned anaghe, termed as Value_Node, based on the
product of the absolute values of the size andithe.

So, Value_Node = |Size| x |Time|

The detailed argument in favor of considering thecpssing time to increase as traversing
from the root node to the leaf node in the lathas been put forward in the following points:

a) The processing time for each view increasesaasising from the root node to the leaf node
is done in general scenarios as the initial infdromais there for the root node only. For this
node, its child nodes can be traversed. In this,wagching the leaf nodes will take the

maximum time.
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b) In considering the increasing format from topbtsitom, the following three cases may be
realized as test cases:

i) Value of a node may be same as its ancestoe nodpite of having different time
value.
Example — Let there be two nodes A and B where B'ssancestor node with the parameters
as specified below:
Size (A) = 60 unit, Size (B) = 40 unit, Time (A)0=4 unit and Time (B) = 0.6 unit.
So, Value (A) = 24 and Value (B) = 24.

i) Value of a node may be less than its ancasioe.
Example — Let there be two nodes A and B where B'ssancestor node with the parameters
as specified below:
Size (A) = 60 unit, Size (B) =40 unit,  Time (A)0=4 unit and Time (B) = 0.5 unit.
So, Value (A) = 24 and Value (B) = 20.

iii) Value of a node may be greater than its atarasode.
Example — Let there be two nodes A and B where B'ssancestor node with the parameters
as specified below:
Size (A) =60 unit, Size (B) =40 unit,  Time (A)34 unit and Time (B) = 0.7 unit.
So, Value (A) = 24 and Value (B) = 28.
Hence it is realized that having time in increasiogler helps the work with varying
possibilities of views within the lattice. At tharae time, with the consideration of time as an
additional constraint, a more versatile comparagvaph generation would be possible with
respect to the previous algorithm as discusse@3h [vhere space was the only constraint for
view selection.
With the development of the algorithm the followitegms are related:
Fact Table — It is a database object which idezttithe relation between the numbers of tables
participating in the warehouse formation.
Number of dimension — It is the number of attrilsuite a fact table. These are nothing but the
keys of the corresponding dimension tables basedhach the fact table is formed.
Lattice — It is a set of interconnected nodes, eacte identifies an aggregation of the
attributes.
Lattice Size — It is the number of nodes preserd iattice. In this case it is 2dmnsn, where

‘dmnsn’ is the variable which identifies the dimmms
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Lattice Time — It is the summation of the procegdimes of all the views, represented by the
nodes in the lattice.

Chromosome — It is a data structure which is aecttbn of objects known as genes. In this
context, views are analogous to genes. So, hetkgipresent work description, a chromosome
is nothing but a collection of views.

Population — It is defined as the collection ofarhosomes.

Fitness Function — It is the main function used dafculating the fitness value of each
chromosome in a given population.

The procedure for calculating fitness functiondach chromosome is as follows:

Step 1: The views considered to form a chromosome are taken to be the
materialized views for that chromosome only and the views that are not in
consideration are identified as the non-materialized views. The root node is
never considered for materialization as this node basically contains the whole
fable structure as it is expected that the materialized view should contain a
proper subset of the entire table structure. This is also never considered as a
non-materialized one, thus it is free from the random selection required for the
calculation of the fitness function. The leaf nodes are never considered as
materialized as each leaf node contains a single attribute from the fact table.

Step 2: For a single chromosome, the values of all the views considered as the
materialized views are added up together. The added values of the
materialized views are stored as a new parameter called
Selected_Views_Value.

Step 3: Now the views that are not present in a given chromosome are to be
considered. For this set of views, their values are not considered. Instead the
values of their respective ancestor nodes in the lattice having the smallest
value among all of its ancestors are considered. This approach was also used in
[23]. Then their values are added up together and this result is stored as
another parameter called Unselected_Views_Value.

Step 4: After the values against the different Selected_Views_Value and
different Unselected_Views_Value are obtained, the fitness function for each

chromosome is calculated using the following expression:
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Total_View_Selection_Cost = Selected_Views_Value + Unselected_Views_Value

This is the parameter used as the fitness function in the present work. In general,

in any genetic algorithmic approach the more is the value of the fithess
function, the better is the process and the more is its acceptability. But here, in
the proposed work, since the fitness function is dependent on the values of the
views to be considered for materialization, the less is the
Total_View_Selection_Cost, the more optimal is the materialized view selection.

So, if a chromosome has a less fithess value than another, the content of the
former chromosomes should be selected for the materialization.

Step 5: This is done for all the chromosomes present in a population. After
calculating the fitness value for each chromosome in a given population, it is
required to select the best chromosome out of a given population based on a
repetitive computation. For obtaining such a chromosome, it is required to run
the algorithm, as given below, for a given number of fimes, known as the
generation, identified as the variable ‘g’ and for a given dimension, identified

as the variable ‘d’.

The steps that have been described above are thesteps involved in the algorithm.

There are two more things that control two impdrtphases of the algorithm. These are
described below:

a) A control parameter has been used in the fornCrfssover Probability which ranges
between 0 and 1. In genetic algorithmic based egidins, crossover is an important operation
required to bring in random improvement in chrommes. There are mainly two different
strategies used for crossover operation. They aeespoint crossover and m-point crossover,
where m > 1. In the present research work, onet poassover method has been used because
of its straightforward approach. The role of cragsqorobability is to determine the number of
winner chromosomes that will take part in a croesoVhe use of this parameter is explained
with the help of the following example:

If there are 8 winner chromosomes and there i®ssover probability of 0.5 then the number
of chromosomes patrticipating in a single crossowvdc

b) Another control parameter that has been usethenwork is in the form of Mutation

Probability. Like Crossover Probability, here tteue ranges between 0 and 1.
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Mutation is another important operation in a genatgorithmic approach and it is required to
exchange randomly chosen views from randomly chagi@mer chromosomes in order to
obtain a new set of chromosomes with a differetieis function. The role of mutation
probability is to determine the number of viewswohner chromosomes that will take part in
mutation. The use of this parameter is explaingtl tie help of the following example:

If there are 8 winner chromosomes each having é@siand a mutation probability of 0.5 is
considered then the number of random views to b@ated is 0.5 x 8 x 10 = 40.

The algorithm to execute the overall process rdladethe present research work is depicted
next:

Step 1: The process is initiated.

Step 2: A population of size ‘m’ is generated where each chromosome is of size

1

‘n’.
Step 3: A dimension ‘dmnsn’ is set and that identifies the number of attributes in
the fact table.

Step 4: The number of nodes is found out and its value is 2dmnsn.

Step 5: A lattice having 2dmnsn number of nodes is generated.

Step 6: The size and the processing time of each of the nodes in the lattice are
assigned with the methods described above.

Step 7: The total view selection cost of each chromosome based on a pre-
defined fitness function is calculated. The role of the fitness function has
already been discussed.

Step 8: The binary tournament selection on the selected chromosomes is
performed. This method is used for introducing more randomization in the
process.

Step 9: The winner chromosomes after the process executed in step 8 is
selected.

Step 10: The crossover operation and the mutation operation on the selected
chromosomes are performed, i.e., the winner chromosomes are based on
some pre-assigned crossover probability and mutation probability.

Step 11: Steps 7 to 10 are repeated for a given generation ‘g’.

Step 12: The outcome is the finally selected views to be materialized.
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Step 13: The process is terminated.

After all the above-mentioned steps are execubedfibally selected chromosome contains the

views to be materialized.

3.3.1 RESULTS OBTAINED AND ANALYSIS

Fitness values on different - .
Minimum Fitness Value
Dimension of the - sets -
lattice Algorithm VMSC Algorithm
as discussed (after as discussed VMSC
in [23] normalization) in [23]
9834 311.086
10820 276.519
4 10170 315084 9694 276.519
9694 304.095
15715 367.229
14608 353.003
5 14520 509 877 14520 353.003
15733 714.608
42908 2244.698
39532 1296.190
6 30363 1343.929 39363 1296.19
40114 1914.246
62306 1869.262
84373 2453.765
7 78161 1882.012 62306 1869.262
66592 2580.362
169703 6391.550
149996 4308.359
8 177558 7170.775 149996 2774.217
165614 2774.217
380139 9075.732
362494 8908.453
9 370860 5703.695 350811 5703.695
350811 7052.475
849385 7727.303
672581 27847.944
10 284704 51050733 672581 7727.203
701525 17663.188

Table 3.1: Results obtained after applying the psed algorithm and the algorithm depicted in
[23]
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The algorithm, named as VMSC in the present paper discussed in section 3 has been
implemented with the values assigned against edctihe views of the lattice structures
considered. The values against all of these vieave been assigned based on the logic already
explained in the previous section. After applyihg steps mentioned in the previous section, a
result has been obtained and this is discussddsrséction. For the implementation purpose, it
has been considered that there is a populationodi8echromosomes with each chromosome
having 10 views. The mutation probability that haen considered is 0.025 and the crossover
probability has been chosen to be 0.5. The algantlas implemented using Java program on a
system with the following configuration:

Processor Configuration: Intel i5 2500k with 3.0 &H

Primary Memory Capacity: 4 GB

Hard Disk Space: 1 TB

The previous table, i.e., table 3.1 depicts theuaist obtained from the present work and the
outputs obtained with the same set of inputs agmie the algorithm as discussed in [23]. The
table also shows a comparative study between tihes8 values of the winners of the proposed
algorithm VMSC and that of the algorithm as diseas# [23] from each dimension after
running for 1000 generations. The experiment has lmenducted for 8 chromosomes, so after
applying binary tournament selection method, fochedimension, there will be 4 winner
chromosomes and hence the second column and tdectiiumn of the following table store
four different values for four different winnerstaf applying the algorithm discussed in [23]
and the VMSC algorithm respectively. For each disi@m, 1000 generations are considered,
i.e., the value of g that was mentioned in Stepflihe aforesaid algorithm discussed in the
previous section, is 1000. The work has been dmra tlimension 4 to dimension 10 and has
been applied on both the algorithms. From the tast columns under ‘Minimum Fitness
Value’ of Table 3.1, it is clear that always thegent algorithm has given substantially better
values against the fitness functions. So for thnopation process, VMSC will give a better
result compared to the algorithm as discussed3h [2

In this research work for the implementation pugdattice structures from dimensions 4 to 10
have been considered. Further, in the working enwirent, the time of each node is considered
in milliseconds and so the fitness values in thg®@hm has been divided by 1000 to get the
normalized result in seconds. This has been showimei above table as well against the values

obtained after applying the present algorithm VMSC.
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From the data as demonstrated in the table 34 clear that in comparison to the algorithm as
proposed in [23], the present algorithm has a beteformance. So, it can be concluded that
the overall optimization in the process of maté&ed view generation has been satisfactorily
improved with the introduction of processing time an additional parameter along with the

view space that was already considered in theegalgorithm.

= Earlier Algorithm  ==—=VMSC

800000

Y 700000

= /

@ 600000

> ,//,
500000

400000 /
300000 /
200000 /

100000 /

1 2 3 4 5 6 7
Dimension

Fitness

Figure 3.3: A graphical comparison of the propasigdrithm and the algorithm depicted in
[23]

Both figures 3.3 and 3.4 show graphical comparidmets/een the present work and the work
that was depicted in [23], which was also an apgrdzased on the genetic algorithm. In both
of these graphs, the result obtained in the preserk is shown in the red line and the results
obtained in the previous work as discussed in {238hown in blue line. From the first graph, it
is clearly seen that the rate of increase of ttmedis values in the present work is negligible in
comparison with that of the previous algorithm. Sitness values to find the optimum

chromosomes based on which the materialized viegvsoabe constructed, do not significantly
depend on the dimensions of the lattice structlitee next graph shows a dimension-wise
comparison of the fitness values of the algorithAggin, it has been shown that, irrespective
of the dimensions of the lattice structures considethe fitness values of the present work for

all the dimensions are much smaller than thoskeptevious algorithm.
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So, it is clear that considering the time as aIpatar, the performance becomes substantially
better.

W Ecrlier Algorithm  mVMSC

300000
700000
600000
500000

Fitness 400000

Value
300000
200000
100000
0 v

4 5 6 7 3 9 10

Dimension

Figure 3.4: Dimension-wise comparisons of the psegoalgorithm and the algorithm depicted
in [23]

3.4 A METHOD OF VIEW MATERIALIZATION USING GENETIC
ALGORITHM

Different researches have been done to selecti¢hes\for materialization. Genetic Algorithm
(GA) is one of the prominent domains based on whkielv materialization methods have been
proposed but the majority of research in the areanaterialized view selection has been
focused around greedy heuristics based technidirese techniques are unable to select good
quality views for higher dimensional data sets biseaheir total view evaluation cost is high.
On the other hand, genetic algorithm is a widelgdugvolutionary technique suitable for
solving complex problems involving the identificati of a good set of solutions from within a
large search space [7]. Several GA based view tgmlealgorithms have been proposed in
literature [24][25][26][27][28][29][30]. These algthms aim to select views for higher
dimensional data sets with the key challenge adctielg views of high quality i.e. low Total
View Evaluation Cost (TVEC). In this section of ttieapter, a GA based algorithm is proposed
that selects views from a multidimensional lattiEach chromosome is represented as a string
of views selected for materialization. The lengtteach chromosome is T for selecting top-T

views for materialization.
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GA is applied with a pre-defined crossover and mmraprobability and a set of top-T views

are generated after a pre-specified number of gépas.

3.4.1 THE MULTIDIMENSIONAL LATTICE

Views involved in On-Line Analytical Processing (®R) queries can be represented as nodes
of a multidimensional lattice [13][44]. The multidensional lattice is a graph with no self-
loops or parallel edges. The root node of thackttepresents the base facts table. All the
views in the lattice either directly or indirectiiepend on the root view. A view VA is said to
be dependent on another view VB when the queriegfAdran be answered using VB. In the
graph, direct dependencies are represented by ge bdtween two views & indirect

dependencies are discovered transitively.

Vionel8]

Figure 3.5: A sample multidimensional lattice w&llimensions

In figure 3.5, a 3-dimensional lattice is showngeTihdex is shown in brackets inside the node
& the frequency of the variables is shown on the l&dt corner of each node. The root view

contains all the variables A, B & C.

3.4.2 THE PROPOSED ALGORITHM

The proposed method tries to apply the basic sitepay genetic algorithm. In this regard, the
chromosome selection process and the fithess mggeneration are critical tasks. The steps

of the proposed algorithm are mentioned next.
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1. [Start] Generate random population of n chromosomes.
2. [Fitness] Use the fitness function f(x) to calculate the fitness value of each
chromosome x in the population.
3. [Test] If the end condifion is satisfied, i.e. , a chromosome with the desired
fitness value is found in the population or a value close to that value is found (&
further repetition does not generate a chromosome with a better fitness value)
then stop & return the best solution that is found.
4. [New Population] Create a new population by repeating the following steps
until the new population is complete.
a. [Selection] Select two parent chromosomes from a population
according tfo their fitness value. The higher the fithess value, the better
the chances for it to be selected.
b. [Crossover] With a crossover probability pc, combine the parent
chromosomes to generate a new offspring.
c. [Mutation] With a mutation probability pm, mutate the offspring at
each locus.
d. [Accepting] Place the offspring in the new population.
5. [Replace] Replace the new population with the previous population & go to

step 2.

3.4.3 CHROMOSOME REPRESENTATION

Each chromosome is represented as a string ohclistiews. Each distinct gene corresponds to
a view. The chromosome string contains only theexndalues of those views that are
materialized. The chromosome representation fiecgeg the top-5 views for materialization

is shown below:

3 S 114 8

1 7 2 3 S

8 (] 2 1 4

Figure 3.6: Chromosome representation for selet¢tipeb views
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3.4.4 GENERATION OF FITNESS FUNCTION

The fitness function is used to give an estimatédaf much fit a chromosome is for being
selected for crossover. The quality of solutionagied by the GA based algorithm depends on
the correctness & the appropriateness of the #tfigsction. Here, the fitness function is based
on the frequency of attributes used in a view. filgher the total frequency of a chromosome,

the better is its chances to be selected for cvessdhe fitness function is given below:

TFV =

x ¥
Mat(Vi) + ZAncNMat(Vj) ,wherei = j

i=1 =
TFV = Total Frequency Value

n = Total number of genes or views

x = Number of materialized views

y = Number of non-materialized views

nN=x+y

Mat(Vi) = Frequency of attributes for view Vi wheye is materialized

AncNMat(Vj) = Frequency of a materialized ancestoth maximum frequency among other
ancestors of a non-materialized view Vj

For example, if views X, Vsc, Va, Vs & V¢ are selected for materialization and x=5, y=3

then the TFV computation is as follows:

ZS: Mat(V:)

= Mat(Vac) + Mat(Vac) + Mat(Va) + Mat(Vg) + Mat(Ve)
=70+ 96 + 60 + 40 + 32
=298

Z Mat(Vy)
Jj=1

= Mat(VABC) + Mat(VAB) + Mat(Vyong)

=0+0+60

=60

TFV = X7, Mat(Vi) + X3_, Mat(V;)
= 298 + 60
= 358
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The fitness function takes the following parametsrsts inputs:

ok~ 0D PR

6.

The adjacency matrix adj[][] for the entire multiténsional lattice,
freq[] array which contains the frequencies ofibtttes for each view,
level[] which contains the level of each view irthraph(lattice),

The total number of distinct genes (tot_gene),

The number of genes to be materialized (mat_gamel),

The size of the population popl.

Along with the above mentioned parameters, thee$gnfunction generation process also

considers a list of procedures as depicted below:

The procedure RAND (1, tot_gene) generates a randonber between 1 & n where n
is the total number of distinct genes.

The procedure LINEAR (topt, k, i, mat_gene) cheikbe item k is present in the ith
chromosome or not. If it is, it returns true. Othiese, it returns false.

The procedure MAX (anc) finds out the maximum numibethe anc [] array, i.e. the

materialized ancestor of a non-materialized genielwimas the maximum frequency.

The proposed algorithm proceeds in the following:wa

At first, it generates the initial population artdres the chromosomes in an array.

It then calculates the total frequency value fahteehromosome in the population. This
value is termed as TFV1.

Next, it finds the non-materialized views in eadiraemosome and also finds the
maximum frequency materialized ancestor for eaghade non-materialized views.
Then the algorithm calculates the sum of the attelfrequencies of these ancestors for
each chromosome. This value is termed as TFV2.

It finally adds TFV1 and TFV2 for each chromosoroggenerate the Total Frequency
Value (TFV).

The pseudocode of the steps mentioned above ansstext:

Algorithm FITNESS (adj[][]. freq[]. level[], fot_gene, mat_gene, popl)

begin

fori=1to popl do

forj=1to mat_gene do
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while (true) do /* Loop for removing duplicate genes */
flag = false;
rand = RAND(1, tot_gene);
fork=1tojdo

if (foptli][k] ==rand) then /*If the gene is already present

in the chromosome then generate a new number */
flag = frue;
break;
end for

if (flag == false) then

topt [i][j] = rand;
break;
end while
end for
end for

fori=1to popl do

tv1=0;
forj=1to maft_gene do
k= toptil{il:
tvl =tv1 + freq[k];
end for
vl [i] = tv1;
end for
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flag = false;

fori=1to popl do

while (k <=tot_gene and | <n_mat_gene) do
flag = LINEAR(topft, k ,i, mat_gene);
if(flag == false) then
mma [i][I]=k;
[++;
k++;
end while
end for
fori=1to popl do
tv2=0;
forj=1to n_mat_gene do
k = mmali][j];
a=0;
anc[]={0,0,0,0,0};
for p=1to tot_gene do
if(levellk]==1)
break;

else if ((adj[k]l[p] == 1) and (level[p] == (levellk]-1))) then /¥ If the
enfry in the adjacency matrix is 1 & the node is in the previous level then it is an

ancestor */
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anclg++] = freq[pl; /* Add the ancestor to anc(] */
end for

m =MAX(anc); /* Calculate the freq that is max because we need max freq

ancestor */
tv2=1tv2+ m;

end for

tiv2[i]=tv2;

end for

fori=1 to popl do
TRV[i]=tfv 1[i] +tfv2[i];
end for

end

3.4.5 SELECTION

Selection is a process of choosing individuals feopopulation for performing crossover. The
fitter individuals are more likely to produce fitteffsprings in the subsequent generations.
Selection of only fitter individuals might hindexgoration of the search space thereby leading

to early convergence.

Chromosomes (top-T Views Fitness value(TFV)
[36782] 303
[25418] 629
[23186] 541
[74851] 595
[73816] 513
[62174] 568

Table 3.2: TFV of top-T views in \pr
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Therefore, there is a need to randomly select iddals where individuals, having higher
fithess value, have greater likelihood of beingstdd for crossover. The approach uses binary
tournament selection method where two individuaésrandomly selected from the population
and a tournament is conducted among them. A vaisieandomly generated between 0 and 1.
If r is less than the pre-defined value of k (say 8.75), taken between 0 and 1, the individual
having higher TFV is selected else the individuahvower TFV is selected. The steps for the

algorithm used for Selection process are statealbel

Step1: Given: parameter k = 0.75.

Step 2: Choose randomly two individuals from the population.

Step 3: Choose: a Random number r between O and 1.

Step 4:
a) If r <k, Select the fitter individual among the two individuals.
b) Else, Select the less fitter individual among the two individuals.

The result of the above algorithm is reflectedaiblé 3.3.

Tournament )
Randomly generated Fitness o
between ) Individual
Indexes o ) [TFV(P())] | Random Number (r)
i i individuals [P(i)] TEV(PG))] selected
I .
[PG)]
[23186] 541
[2] [3] 0.9765590312995504 [2 31 8 6]
[74851] 585
[62174] 303
[5] [O] 0.7209919519618984 [367 8 2]
[36782] 568

Table 3.3: Selection of top-T views using Binarylimament Selection process

3.4.6 CROSSOVER

After the selection process, crossover comes tater@a new solution by selecting
parameters or genes from two parent solutionshénproposed methodology, two individuals
are randomly selected and are recombined usindespugnt crossover method with crossover
probability, p = 0.5. A uniform random number, r, is generated & < p., the two randomly
selected individuals undergo crossover. Othervifge fwo offspring are simply copies of their
parents [45].
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The process is depicted through figure 3.7.

Crossover Point

‘13‘31

22‘21‘29‘14‘20 ‘25‘2# 5‘26 ‘28‘1ﬂ 27|15‘

‘16|31

18‘ 7|29|14‘23 ‘10‘26|5| 8 ‘28‘17‘27|15‘

a. Before Crossover

‘13|31

18| 7‘29‘14‘23 ‘10|26‘5‘ 8 |28|17‘27|15‘

‘16‘31

22‘21‘29‘14‘20 |25‘24 5‘26 ‘28‘17|27|15‘

b. Afrer Crossover

Figure 3.7: Outcome of Single Point Crossover

The steps for Crossover process are mentioned next.

Step 1: Select two parents randomly for crossover from the population

Step 2: Generate random numberr

Step 3:If r<=pc then do

a. Randomly generate a point for crossover

b. Perform single point crossover between the parents corresponding to

the randomly generated point

c. If there are duplicate genes within either of the children after

crossover, then repeat Step 1-3

d. Else

If any of the children have already been generated before to be

placed in the new population then repeat steps 1-3

Else

Do not perform crossover. Simply copy the parents to their

corresponding children.
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3.4.7 MUTATION

Mutation is performed using random resetting metwad predefined mutation rate, pm.
A random number rand is generated & if it is lésntthe mutation rate only then mutation is
performed. Otherwise, mutation is not performed.t8e actual number of genes to be mutated
is not fixed. For a chromosome of length L, on agerL*pm genes will be mutated [46]. The
method ensures that there are no duplicate genélseichromosome after mutation. This
process is demonstrated through figure 3.8.

Mutation Point

35

12 2 (15177 | 9| 6| 10| 22|18 | 31 (27| 11| 19| 20

a. Before Mutation

12

b2

151177 | 9| 6 (14 | 22118 | 31 |27| 11| 19| 20

b. After Mutation

Figure 3.8: Outcome of Mutation process

The steps for Mutation process are stated below:
Step 1: fori=1to L do
a. Generate rand
b. if rand < pm then
i. Generate a random gene value

ii. Mutate geneli] of the selected chromosome with the random

gene value generated in the previous step
iii. if the newly added gene is a duplicate then repeat steps i and i

Step 2: Repeat Step 1 for all the chromosomes until the end of the population.
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3.4.8 REPLACEMENT

The final step for Genetic Algorithm is Replacemeritere after the generation of the new
population, the old population is replaced with tlew population. Then the entire cycle of
fitness value calculation, selection, crossoveriation, and replacement for a pre specified
number of generations is performed.

3.4.9 RESULTS OBTAINED AND ANALYSIS

The GA based view selection algorithm was impleméntsing jdk 1.7.0_55 in Windows
7(x64) environment. The algorithm was successftdigted for a 3-dimensional and a 4-
dimensional lattice of views. The result for selagttop-5 views for materialization from a 3-
dimensional lattice is shown in figure 3.9. Frora flgure it can be observed that the matrix for
top-T views contains distinct views in each rowtlod matrix. Duplicate views are eliminated
since the data warehouse does not require redudd#mfor recovery. TFV1 is the first part of
the fitness function that calculates the total iy value for only materialized views. TFV2
is the second part of the fithess function thatuates the total frequency value for non-
materialized views. These two are added to givelt# for each chromosome.

The size of the adjacency matrix increases expaibnivith the increase in lattice dimensions.

Hence, with the increase in dimensions of thedattithe complexity increases. When we
calculate the attribute frequencies for a non-nieed view, we use the frequency of

attributes of the maximum materialized ancestdhat non-materialized view because the non-
materialized view is dependent on the ancestors Tieans that all the queries for the non-
materialized view can be answered using its maizsec ancestor, without requiring any other

views to be materialized. But, if the root vieweifswas not materialized then we use a
frequency value of zero in the calculation becabsee are no other views in the lattice which
can give answers to all the queries that can besrt@mdhe root view as no other view but the
base or root view contains all the attributes.

A frequency value of zero is also used when a nateralized view has no ancestors. This is
because only an ancestor view that the child veedependent on or the child view itself can
give answers to all the queries that can be matteetohild view.
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Figure 3.9: Result for selecting top-5 Views fror@ Bimensional Lattice

The proposed GA based view selection algorithmguiequency of attribute (FA) and another
GA based view selection algorithm using size ailaite (PA) are compared. The comparisons
are carried out on Fitness value due to views tsldoy the two algorithms. The experiments
were performed for selecting the top-T views fortenalization for dimensions 2 to 5 over

1000 generations. First, the graphs showing Fitnekse for different crossover and mutation
probabilities for selecting top-6 views, were pottand compared with Fitness value of
selecting top-6 views using PA. These graphs, guofor pair of crossover and mutation

probabilities (0.5, 0.05), (0.6, 0.05), (0.5, 0.0.6, 0.1), (0.55, 0.1), (0.55, 0.05), (0.65, 0.1)

(0.65, 0.05), are shown in figure 3.10. The gragitmw that FA, in comparison to PA, is able to
select views that are Fitter than that obtainedPBy for different crossover and mutation

probabilities. This difference in Fitness value drees significant for higher dimensions.

Further, it can be observed from the graph that,cfossover probability 0.6 and mutation

probability 0.05, the best result is obtained byiRAhe Fitness value across all dimensions.
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Figure 3.10: Comparison of FA and PA — FitnessDmensions for different Pc’s and Pm’s

3.5 CONCLUSION

This chapter has discussed about two differentagmbres for view materialization based on the
steps followed by a genetic algorithm. The firstrkvgenerates a materialized view after
considering both space and time as two influenpagmeters and also compares the present
work with a previous work based on genetic algonit®bserving the result it can be concluded
that after the inclusion of the time factor, matbred view generation becomes more
optimized. The work can further be expanded touidela constraint in selecting a particular set
of views to be materialized instead of consideafigpossible views that can be generated. This
constraint can be a single view generation costlwban be merged with the view size that is
already considered in the lattice structure. Inutsimell, the present algorithm has considered

time domain as well as the space domain for méiteeéaview generation.
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There is a further scope of introducing the freqyedomain with this. In the frequency
domain, the frequencies of occurrence of individgagkries consisting of the participation
dimensions have to be considered. Moreover, ondbiglts obtained in the present work, this
research work can be expanded to utilize mateedliziew in incremental data mining
applications.

The other approach described in this chapter had genetic algorithm and has used a fithess
function to evaluate the fitness values of the ibdssolutions. One of challenging directions
of future work aims at addressing the view selectroblem in a distributed setting.
Randomized algorithms can be applied to complexlpros dealing with large or even
unlimited search spaces. Using this approach ot vieaterialization enables exploration and
exploitation of the search space. As a resultvibers so selected are likely to have a higher
total frequency value. Further experimental resshiew that the views selected using the
proposed algorithm have a comparatively higherueegy value to those selected using the
sizes of the attributes for the observed crossamdrmutation probabilities. That is, the genetic
algorithm based methodology using frequency is ablselect comparatively better quality
views. This in turn results in reduced query resgaimme enabling efficient decision making.
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CHAPTER 4
MATERIALIZED VIEW CREATION USING APRIORI ALGORITHM

4.1 INTRODUCTION

Business enterprises deal with a large amount t@&f @ad their profits significantly depend on
how the data are actually interpreted. So, datdysisahas become an important topic of
research now-days and has a huge potential, epecithe e-commerce sector. Moreover, it
has a notable contribution in the field of sociadia as well. In this regard, data analysts and
data scientists are in the process of developifigrdnt algorithms to analyze data and store the
data that are of more importance. So, data analysesation is executed to increase the
business intelligence of a commercial organizatierom the different approaches that are
prevalent today, materialized view can be subsiintused to store the important data. A
materialized view is used to store the outputdefdueries. But unlike a logical view, this can
store the outputs permanently in a physical mentegause of this nature, this database object
can be extensively used to store the results ofjtregies which are frequently asked for. So,
instead of fetching data each time from the dawltaslf, with the help of a materialized view,
results can be directly obtained. This type of viema be used as a cache which can be quickly
accessed. It will effectively reduce the networladp if the data are stored in distributed
environment and at the same time, it will reduce gluery execution time. But the problem
remains that from a huge set of data transactwhgh data are to be materialized. Different
algorithms have been proposed to identify the ogitidata set for materialization and the most
of these algorithms are mainly based on greedyoagpr of selection. Of late, genetic
algorithm has also been used to select data foermhtation. The research work that is
presented in this chapter is based on Apriori @lgor proposed in [47]. This algorithm has
been used to design a method to identify the aateetmaterialized based on their frequencies
and the dependencies on other data.

4.2 AN OVERVIEW OF BOOLEAN ASSOCIATION RULES

The backbone of the proposed methodology is Bookesswociation rules which can have two
different but dependent measures — support andidemde which respectively reflect the
usefulness and certainty of discovered rules. Ao@ation rule is considered to be significant.
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But it is to be ensued that this rule satisfieshkminimum support threshold and a minimum
confidence threshold set by the strategists oattadysts.

Let | = {I1, 12,..., Im} be an itemset. Let D, th@ask-relevant data, be a set of database
transactions where each transaction T is a noneitgmhgset such that E I. Let A be a set of
items. An association rule is an implication of fbem A =B, where AC |, BC |, A#$, B#

¢, and AN B = ¢. The rule A= B holds in the transaction set D with support Beke s is the
percentage of transactions in D that contain bot#mA B. The rule A~ B has confidence c in
the transaction set D, where c is the percentageantactions in D containing A that also
contain B. Rules that satisfy both a minimum supplareshold and a minimum confidence
threshold are called strong. The rule confidencassociated with the rule support using the
following relation:

confidence (A= B) = support(AJ B) / support(A)

4.3 AN OVERVIEW OF APRIORI ALGORITHM

Apriori algorithm was proposed in [47] to find aibe frequent item sets from a large data set.
This algorithm uses the association rules by ifgng the relations among items that are
involved in large data sets. The association sulariefly described below:

Let1={ly, I, I3, ..., I} be a set of n number of items and let T 5{T,, Ts, ..., Tx} be a set of

k number of transactions where each<d |. With respect to the above defined sets, an
association rule is said to be an expression ofdha A => B, where AC |, B C | with the
condition that AN B = ¢. This association rule is defined by two paransgteiz., support and
confidence which are defined through the followaxgpressions:

support(A => B) = P(AU B) and confidence(A => B) = P(BJ|A).

In other words, the parameter support identifies gkercentage of transactions where both A
and B occur and the parameter confidence identifiegpercentage of transactions containing
A that also contain B.

With all these parameters defined, Apriori algarithwhich is a seminal algorithm as described
in [47], identifies the frequent item sets for Beah association rules. Apriori employs an
iterative approach known as a level-wise searcleravk-itemsets are used to explore (k + 1)-
itemsets. To improve the efficiency of the leveb&igeneration of frequent itemsets, an
important property called the Apriori property ised to reduce the search space.
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Apriori property tells that all the nonempty sulsset a frequent itemset must also be frequent.
An item is said to be frequent if it crosses a @eéned limit, defined as the minimum support

value. This process involves multiple checking tigio iterations on the given large data set.
The entire method is divided into two basic stgpis: step and prune step.

4.3.1 JOIN STEP OF APRIORI ALGORITHM

To find Ly , a set of candidate k-itemsets is generated ioyng Ly-; with itself. This set of
candidates is denoted.@et |, and b be itemsets in L. The notation;fj] refers to the | item
in li. The join operation, denoted ag-1* Ly-1, is performed, where members of L are
joinable if their first (k — 2) items are in commonhat is, memberg bnd } of Ly-; are joined
if (1[1] = L2[1]) A(1af2] = 12[2]) A--- A (lk = 2] = bk = 2]) A (h[k = 1] < [k = 1]). The
condition h[k — 1] < [k — 1] ensures that the join operation does notegate any duplicate
entry. The resulting itemset formed by joiningahd b is {l1[1], 11[2],..., h[k = 2], l1[k = 1], 5[k

- 1]}

4.3.2 PRUNE STEP OF APRIORI ALGORITHM

Ck Is a superset of L, that is, its members may or may not be frequeuitall of the frequent
k-itemsets are included inkCA database scan to determine the count of eautlidate in G
would result in the determination ok l(i.e., all candidates having a count no less tinn
minimum support count are frequent by definitiong aherefore belong toy). Since G may
contain a huge item set, this may involve heavy matation. To reduce the size of,Ghe
Apriori property is used. Any (k 1l)}itemset that is not frequent cannot be a subset of
frequent k-itemset. Hence, if any (k — 1)-subsea @andidate k-itemset is not ip-L, then the
candidate cannot be frequent either and so caremeved from ¢ This is done through a
process call subset testing.

4.3.3 PSEUDOCODE OF APRIORI ALGORITHM

Apriori algorithm primarily aims to find the freqokitemsets using an iterative level-wise
approach based on candidate itemset generational§bathm takes two parameters as inputs
— D, a database of transactions and min_sup, themmm support threshold. The output of the
algorithm is L, the frequent itemsets in D. Theyzkeode of the algorithm is divided into three

methods as given below:

Ly = find frequent T-itemsets(D);
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for (k =2; Lk-1 # @; k++) {
Ck = apriori_gen(L-1);
for each transaction t € D {
Ct = subset(Cx, 1);
for each candidate ¢ € Ci
c.count++;

}

L« = {c € Ck | c.count = min sup}
}
return L = Uklk ;
procedure apriori_gen(Lk-i:frequent (k - 1)-itemsets)
for each itemset |1 € Lk-1
for each itemset |2 € Ly

if (W[1] =12[1]) A (h[2] = 12[2]) Ao A (h[k = 2] = I2[k = 2]) A (h[k = 1] < I2[k = 1])
then{

c =11 x 12; //The join step of Apriori algorithm
if has_infrequent_subset(c, Lk-1) then
delete c; // The prune step of Apriori algorithm

else add c to Cg;

}

return Ck ;
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procedure has_infrequent_subset(c: candidate k-itemset, Lx-1: frequent (k — 1)-

itemsets) // use of Apriori property
foreach (k — 1)-subset s of ¢
if s & Lk-1 then
return TRUE;
return FALSE;

4.4 THE PROPOSED METHODOLOGY

From a given set of database transactions, thewts, which are frequently accessed, can be
identified by Apriori Algorithm. Each transactios Ibasically the execution of a query and each
query deals with a set of attributes. So, eaclstretion can be thought of as a set of attributes
on which the query is to be executed. All of thests of attributes are considered for Apriori
Algorithm. Since the Apriori algorithm can be eftigely used to find out the frequent itemsets,
the present research work has considered thisitdgofor finding out the frequent attributes
that can be considered for materialization. Sotliersake of the research work, the attributes
involved in the transactions have been considevdebtanalogous with the itemsets that were
considered in the original description of Apridig@rithm in [47].

The output of the algorithm will be the sets ofribtites containing the most frequently
attributes that are asked for. There may be thifeereht cases:

Case 1:The algorithm may generate more than dred aétributes.
Case 2:The algorithm may generate a single satributes.
Case 3:The algorithm may generate a null set.

In the first case, the intersection of the outpis svill be considered for materialization. As far
as the second case is considered, the output sehs&dered for materialization. In the final
case, the output of the second last iterationllconsidered for materialization.

The number of iterations depends on a pre-defihegshold minimum support value. This
threshold value is application specific and shobkl assigned by the business analysts
depending on the nature of the business operatidriree nature of the desired output.
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Some other attributes may need to be attachedidcs¢h for materialization and that is to be
identified next. This is done by finding out thenfidence value of the attributes which are not
selected initially for materialization on the dttites which are selected initially for

materialization.

For example, if a transaction has five attributdsté A5 and only A1 and A3 are selected for
materialization after applying the first phase tlethe second phase, the confidence values of
A2, A4 and A5 on Al and A3 are identified and ifyaconfidence value is above the pre-
defined threshold confidence value, which worke like minimum support value as described
in [47], then the attributes corresponding to thesafidence values are added with the

materialized view.

The present method, which is named as MateriaNded Generation using Apriori Algorithm
or MVG_AA is based on the above-mentioned two stapghe next section, two different test
cases have been considered after applying the chédMis_AA. The data sets that have been
considered for explaining the algorithm have beemegated randomly.

The following is the pseudo-code for MVG_AA:
Algorithm MVG_AA ()

{

Input: T = A set of ‘'n’ number of database transactions and ATR = A set of

attributes on which different transactions are to be executed
Output: M = A set of attributes to be materialized

Let T={Ty, T2, T3, ..., Tn}

Initialize M by @, i.e., null set

fori=1ton

do

Let A = A set of attributes involved in ith fransaction Ti
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R = Apriori (A) /* R is a set which stores the output generated by
the Apriori algorithm and Apriori ( ) is a method to invoke Apriori

algorithm and its takes A as its parameter */
M=MUR
done

S = ATR - R /* S is the set of attributes not selected by Apriori algorithm for

materialization */

R™ = Check_Confidence (S) /* Check_Confidence () is a method which
looks for the confidence values of the attributes in S and returns
the attributes which satisfy the minimum  confidence threshold value

and this is stored in another set R™ */
M=MUR’
return M

}

The above pseudo-code is applied for differents@ations which are randomly generated and
a transaction may involve any number of attribut®bkatever be the transaction, it'll be able to
identify the most important attributes to be coesédl for view materialization based on the
frequency parameter of the attributes.

4.5 RESULTS AND ANALYSIS

In the context of the present chapter, the meth&GMAA ( ), as described in the previous
section has been applied on two different testcagéransactions which have been randomly
generated. It is further considered that the da&la which the transactions are been executed
has six attributes starting from Al to A6. The daling is the description of the results
obtained.

Test case 1:

Table 4.1 stores all the transaction details fronesample transaction along with their binary
values and decimal values. In this table, undean$action ID’ column, each transaction is
identified by a unique positive integer, under fAttite Set Involved’ column, only the
numbers of the attribute, used in the transacaosmmentioned.
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So, if a transaction has attributes Al, A2, A3 Addthen its corresponding entry will be 1, 2, 3

and 4. The third column, i.e., the column withriBiy Value’ heading, the binary values of all

the attributes involved in the transactions isexoiT his is done for the implementation purpose
and the binary value is generated in the way empthbelow:

The attribute number identifies the position inimalby string and here, a ‘1’ is stored and for
other positions, i.e., the positions where attebig not participating in that particular
transaction, a 0’ is stored.

Transaction Attribute Set Binary Decimal Value
1 1,2,3,4 1111 15
2 1,2,3 111 7
3 2,3 110 6
4 3,4 1100 12
5 5,6 110000 48
6 4,5,6 111000 56
7 1,2,3,4 1111 15
8 4,5,6 111000 56
9 1,2,3 111 7
10 4,6 101000 40
11 2,6 100010 34
12 3,4,6 101100 44
13 3,4,6 101100 44
14 2,4,6 101010 42
15 2,4 1010 10
16 1,2,3,5 10111 23
17 1,2,3,5 10111 23
18 1,2,3,5 10111 23

Table 4.1: The attributes in all transactions alwitty their binary and decimal values.
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Iteration

Frequent Attribute

Frequency

1

1

7

2

11

4

11

8

=
o

16

32

3

5

9

17

6

10

18

34

12

20

36

24

40

48
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14
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Table 4.2: The outputs of Apriori Algorithm applied the transaction set as shown in table 4.1

For example, from table 4.1, if the tuple correspog to the transaction id 4 is considered,
only attributes A3 and A4 are selected, so its\aant binary entry will be 1100, where the

leftmost 1s identify that two attributes A4 and ABe selected in this transaction and the
rightmost Os signify that in this transaction, tmore attributes A1 and A2 are missing, i.e., not

participating.
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Finally, the fourth column, i.e., the column ‘De@mValue’ stores the equivalent decimal
values of the binary values that are stored inthive column. The next table, i.e., table 4.2, is
split into two pages and it stores all the freqyevalues against iterations which are based on
Apriori algorithm. According to this algorithm, aimber of iterations required to find out the
most frequent item sets. The number of iteratiendd@pendent on how fast the resultant set
after the join step is a null set. After the firtgration is over, the attribute sets which have
frequencies over a threshold value are identifiettl @e chosen to be the most frequent ones. In
this experimental process, described in this cmapite threshold frequency value has been
chosen to be 2. From table 4.2, it is clear thatrédguired frequent attribute sets are 15 and 23,
i.e.,, 11112 and 101112 respectively because thessdts have frequency, which is termed as
the support value, above the threshold of 2. Irotords, attributes Al, A2, A3, A4 and Al,
A2, A3 and A5 are identified separately. Since tlifferent sets of attributes are selected, their
intersection is found out and it generates Al, A8 &3, which has an equivalent decimal
value of 7. So, according to the algorithm MVG_AA the attributes Al, A2 and A3 are to be
materialized.

Confidence on 15 Confidence on 23
1=>14 = 0.2857142857142857 1=>22 = 0.42857142857142855

2=>13=0.18181818181818182 2=>21 = 0.2727272727272721
3=>12 = 0.2857142857142857 3=>20 = 0.42857142857142855
4=>11=0.18181818181818182 4=>19 = 0.2727272727272721
5=>10 = 0.2857142857142857 5=>18 = 0.4285714285714285

|9

|9

Ul

6=>9=0.25 6=>17 = 0.375
7=>8 = 0.2857142857142857| 7=>16 = 0.42857142857142855
8=>7=0.2 16=>7=0.5
9=>6=1.0 17=>6=1.0
10=>5=0.5 18=>5=1.0
11=>4=1.0 19=>4=1.0
12=>3=0.4 20=>3=1.0
13=>2=1.0 21=>2=1.0
14=>1=1.0 22=>1=1.0

Table 4.3: The list of confidence values obtainmednfthe result as shown in table 4.1
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As the next step, the process will try to identiether any other attribute is there to be
materialized along with the attributes already @mog-or this, the confidence values, as defined
in the association rules and stated in the prevemgion, of other attributes on the already
selected attributes are to be calculated. The ledion is done by the standard expression as
given in (Han, J. & Kamber, M., 2006). Accordingtiie confidence values are calculated and
these values are shown in the next table, i.ele #8. The confidence threshold value that has
been considered for calculation is 0.5. Accordimghie proposed method, if any other attribute
has the confidence value greater than or equaheothreshold confidence value then that
attribute would be considered along with the alyeadlected list of attributes. Table 4.3
contains two columns as in the previous step, ®te af attributes, having decimals values 15
and 23 respectively have satisfied the minimum etpalue.

From the entries as shown in table 4.3, the atilon the attribute set that is dependent on 7,
l.e.,, Al, A2 and A3 is marked in bold. It is clgaat there is no attribute or set of attributes
whose confidence value ahis above the threshold value of 0.5. So, no natirébute will be
added with the already obtained list of attributebe materialized. So, the final content of the
materialized view will be Al, A2 and A3.

Test case 2:

Table 4.3 stores all the transaction details frovatlaer example transaction along with their
binary values and decimal values in the same wayd#ta were stored in table 4.1. The next
table, i.e., table 4.4 stores all the frequencyeslagainst iterations which are based on Apriori
algorithm. The same threshold vale of frequen®y, & threshold frequency value of 2, has
been chosen for this test as well. From tableiéi§ clear that frequent attribute sets are 15 and
57, i.e., 1111 and 111004 respectively because these two sets have frequsrmpport values
above the threshold of 2. In other words, attrisia&, A2, A3, A4 and Al, A4, A5 and A6 are
identified separately. Since two different setsatifibutes are selected, their intersection is
found out and it generates Al and A4 or 10@hich has an equivalent decimal value of 9. So,
Al and A4 are to be materialized. To find out thieeo attributes, if any, on the basis of the
confidence values, the same confidence threshollSohas been chosen for this test as well.
From the entries as shown in table 4.6, the atiilon the attribute set that is dependent on 9,
l.e., Al and A4 is marked as bold. It is clear thaly 6 (or 119), i.e., the set, containing A2
and A3 is dependent on 9 because it has a confidealue above the threshold value of 0.5.
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So, these two attributes will be added with theeadly obtained list of attributes to be
materialized. So, the final content of the matez& view will be A1, A2, A3 and A4.

Transaction | Attribute Set Involved | Binary Value | Decimal Value

1 1,2,3,4 1111 15

1,2,3 111 7

3 2,3 110 6
4 3,4 1100 12
5 5,6 110000 48
6 4,5,6 111000 56
7 1,2,3,4 1111 15
8 4,5,6 111000 56

9 1,2,3 111 7
10 4,6 101000 40
11 2,6 100010 34
12 3,4,6 101100 44
13 3,4,6 101100 44
14 2,4,6 101010 42
15 2,4 1010 10
16 1,4,5,6 111001 57
17 1,4,5,6 111001 57
18 1,4,5,6 111001 57

Table 4.4: The attributes in all transactions alwitty their binary and decimal values

In this way, different attributes can be identifitedbe added in the final materialized view. The
number of attributes and the attributes themseivag vary mainly if the confidence level and
the support value are altered. These two paramexetasive depend on the requirement of the
applications for which the data analysis is to bgrmed.
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Iteration Frequent Attribute Frequency
1 1 7

2 8

4 8

8 13

16 6

32
3
5
9
17
33
6
10
34
12
36
24
40
48
7
11
13
25
41
49
14
44
56
15
57
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Table 4.5: The outputs of Apriori Algorithm applied the transaction set as shown in table 4.4
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Confidence on 15 Confidence on 57
1=>14 = 0.2857142857142¢
2=>13=0.25
3=>12=0.5
4=>11=0.25
1=>56 = 0.42857142857142855
5=>10=0.5
8=>49 = 0.23076923076923078
6=>9=0.4
9=>48 = 0.6
7=>8=0.5
16=>41=0.5
8=>7 = 0.15384615384615385
17=>40=1.0
9=>6=0.4
24=>33=0.6
10=>5=0.5
25=>32=1.0
11=>4=1.0
12=>3=0.4
13=>2=1.0
14=>1=1.0

Table 4.6: The list of confidence values obtaimednfthe result as shown in table 4.5

4.6 CONCLUSION

This chapter proposes a method to select the @tskio be considered for materialized views
from a set of transactions. Since a transactionbeanonsidered to be an outcome of a query
and a query involves a set of attributes which thexe in that particular query, it can be
concluded that a transaction always deals witht @fsattributes involved in the query. In this
regard, the proposed work in this chapter has tte@dmaterialize attributes engaged in
transactions. Since the proposed method is basétkasutcome of Apriori algorithm, it works
on the frequency aspect of the attributes presetiié data transaction set. So, this work can
further be expanded by including other parametkestime to generate a materialized view and
the space to store a materialized view. The ousptdined by this algorithm is based on a pre-
defined set of transactions and hence the freqesnaf occurrences of attributes in the
transactions are also fixed. So, there is a pdggithat the frequencies of the attributes may
change in the future with a new set of transactidhss factor may also be included along with
the present method to make the algorithm more Bleadand dynamic.
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CHAPTER 5
APPLICATION OF MATERIALIZED VIEW IN INCREMENTAL DAT A
MINING OPERATION

5.1 INTRODUCTION

A view is a database object which is used to sfoeeresults of a query and can be thought of
as a logical table often used for query processfkgnaterialized view as described in the
previous chapters is a relatively newer concept iananother database object that, unlike a
normal view, physically stores the results of argset. It can also be defined as cache which
Is mainly used for faster query processing. Maliged views help in eliminating the overhead
involving expensive joins and aggregations thatdnte be performed for a large class of
queries and offer significant improvements in queyocessing time, particularly for
aggregation queries over tables of considerable @m also in consolidating complex query
logic. Effectively, this helps developers in easlata transformation.

Materialized views essentially materialize the hessproduced by the query in order to reduce
access times [48]. Use of materialized view is fyaiassociated with data warehouse

containing a huge amount of historical data. Frbom targe data set, many data may not be
actually useful for the future use. Here is thecéxale of data mining which has become an
important branch of database applications, espgaiath big data handling and is extensively

used in the fields of decision support system, eiaakalysis or any type of data processing. It
is an iterative method of extracting knowledge fralata set through some mathematical
modelling and statistical analysis.

Incremental data mining is a form of data miningwhich the existing mined data set is

updated with the newly mined data with the prode=iag repeated iteratively. This becomes
evident when the users are not immediately satisfigh the results generated by a specific
database queries. Hence the process of gettingxtiet resultset may be an iterative approach
where in each consecutive step the users evalbhatgadtterns obtained from the previous
iteration and based on the needs and expectati@tifymeither the mined dataset or the

parameters the inherent algorithm requires, or .bBtause of this iterative nature of data
processing through mining applications, a data mginsystem should utilize the resultset

generated from the previous queries to accomptistattual user requirements.

58



For any online analytical processing, where theag e an involvement of data warehouses,
the resultset is materialized for the use of neetation. But the challenge lies in the changing
pattern of the generated outputs that may occhamdling substantially large amount of data.
Each refresh or update operation may invalidateespraviously stored patterns stored in the
form of materialized views. The incremental dataing technique tries to tackle this situation.
In incremental data mining process, the alreadyethitata sets need to be modified depending
on the users’ ever changing requirements. So, #eadlge in this field is to find out the
relevance of the outputs of new user queries with éxisting set of data. To do this, the
association between the past data and the preatntsdto be identified. The proposed method
as discussed in this chapter is related to the afsenaterialized view in implementing
incremental data mining operations. The methodsdegth a database transaction set which
consists of a set of attributes. The main algoritmmwhich the present method has been set up
is Apriori algorithm as described in [47] and usitigs algorithm, the frequencies of
occurrences of these attributes are obtained amdattinibutes which are above a particular
threshold value of the frequency level are selefbednaterialization. Later with a new set of
database transactions with the same set of a#sbtite frequencies are calculated and if any
change is observed with the frequencies, the naditezd view gets updated.

5.2 THE PROPOSED METHODOLOGY

The backbone of the proposed methodology in coioreetith the incremental data mining
operation is Apriori algorithm, which has alreaddeh described in the previous chapter. In any
transaction processing, the daily activities perfed by the different users on a particular
database are monitored. Considering this aspeetprsent work as described here has two
main components as mentioned below:

Initial transaction processing component: This contains the frequently occurring sets of
attributes which may be identified to form the miglezed views.

Revised transaction processing component:his contains the attributes which may be added
to the exiting materialized views. This revisiord@ne using an iterative approach.

The Initial Transaction processing component isiniatd by applying the algorithm MVG_AA,
described in chapter 4. The way MVG_AA utilizes #eriori algorithm is briefly presented

next.
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The Apriori algorithm consists of two basic stepg,, join step and the prune step and since
the basic idea of the Apriori algorithm is to s¢lacconfidence value and a support value, the
same has been done here as well. The support igathe minimum number of times that an

attribute has to occur in the set of transactiandé considered as a frequently occurring
attribute and the confidence value is used to detey if an attribute should be added to the
existing set of materialized views consisting o #iready identified frequent attribute sets. If

the percentage of transactions containing thebates in the materialized view that also

contains the concerned attribute is greater thaggaal to the confidence value, then this new
attribute has been added to the materialized vidws updated materialized view is then used
in the subsequent iterations.

To implement the proposed method, the input datafien a transaction processing
environment is taken as a text file containing acden’ number of transactions T, where T =
{T1, T2, T3, ..., Tn}, where Ti contains a set ofrddtites participating in the ith transaction. In
the proposed method, each participating attribsitieleéntified by a positive number. So, if the
number of participating attributes is stored inaiable called ‘m’ then the first attribute is
identified by the number 1, the second one is ifledtby the number 2 and so on and so forth
with the last attribute is identified by the numiner Moreover, since each transaction contains
a set of attributes, they are mentioned in thesaation set. For example, if tHe transaction
contains the first attribute, the fourth attributiee fifth attribute and the eighth attribute (with
the assumption that the value of the previouslysm®red variable ‘m’ >=8) then Ti = {1, 4, 5,
8}.

The proposed algorithm to implement incrementah datning operation has been named as
Materialized View in Incremental Data Mining or MIDM. This method depends on the
output generated by the algorithm called Mater@lizView Generation using Apriori
Algorithm or MVG_AA which has been described in ptea 4. With the help of MVG_AA,

the algorithm for the work depicted in this chapgtas been developed and the pseudo-code of
the proposed algorithm is given next.
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Algorithm MV_IDM ()

{

Input: no_iter = The number of iterations required to find out the
incremental result on an already mined data set, DT = A set consisting of
‘no_iter’ numbers of different sets of database transactions at different
time frame on the same database and ATR = A set of attributes on which

different transactions are to be executed.

Output: R = The set of materialized views to be considered for

incremental data mining operation and R is inifialized by @, i.e., null set.
Let DT = {ST1, ST2, STs, ..., STho_iter}

fori =1to no_iter

do

Mi = MVG_AA (ST, ATR) /* It returns the materialized view
containing the most frequent itemsets for a single
transaction set STI and all the participating attributes are
there in the set ATR */

R=RUM
done

refurn R

}

As evident from the above-mentioned pseudo-cod®, MM iteratively invokes MVG_AA.

The number of such iterations depends on the nurobéimes the transactions are to be
considered to generate the finally mined attrimgte In MV_IDM, the set DT contains the sets

of transactions. So, each element of DT is itsaskteof transactions. For example, if;S¥hich

is the I" set of transactions to be passed as a parameté/® AA, contains the first

transaction, the third transaction and the seventh(with the assumption that the value of the

variable ‘n’ >=7.
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Since this variable stores the number of transastio MVG_AA) then ST= {T,, T3, T7}. So,

the " call to MVG_AA from MV_IDM would take the transachs Ty, T; and T only to
identify the attributes to be considered for stgrin the materialized view for that particular
iteration. Similarly, in other iterations also, ethtransactions are considered and accordingly

new materialized view is returned.

The algorithm MV_IDM has been executed on a fewdosnly generated test cases as
described in the next section. Each test cased®s &issumed to be a database transaction. The
final outcome of the algorithm has been choseretthb concluding data set to be mined.

5.3 RESULTS AND ANALYSIS

The algorithm MV_IDM, as described in the previaection, has been implemented on a
system having Windows Operating System with Int@reC2 Duo 2.0 GHz CPU (x86)
processor and 2 GB of primary memory. For the ngspiurpose of the algorithm, four sets of
different transactions have been chosen, with @hthe transactions having twenty different
attributes of a randomly generated database. leanthlementation purpose, each attribute has
been assigned with a number starting from 1. Sotwhenty different attributes have been
numbered from 1 to 20. Moreover, in each set, emhtdifferent transactions have been
chosen. To justify the applicability of the propdsalgorithm, the participating attributes in
each of the transactions have been randomly chd&entirst four tables, i.e., table 5.1 to table
5.4 store the participating attributes in each daation under each set. So, the value of the
‘no_iter’ variable, as specified by the algorithmVMDM, is 4 here for the above-mentioned
test case. In each of the iterations, a new sgBdfifferent transactions have been added to the
existing list of transactions which is initiallytde empty.

Moreover, in the very first iteration, the numlzértransactions considered is eighteen; in the
second iteration, the number of transactions cemnsdihas been 36, because a new set of 18
different transactions have been added with thetiegi 18 transactions which have already
participated in the first iteration. In the sameywthe steps of the next iterations have been
executed and accordingly the number of transactiassalso increased.

The algorithm MV_IDM has been iteratively appliesh ¢the different transaction sets as
depicted from table 5.1 to table 5.4 and the resbiained after each of the iterations is
described after the results shown in table 5.4. Mim@mum confidence value in each of the
iterations has been chosen to be 0.7, which hasdstandard value in different applications.
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On the other hand, the minimum support value ha loetermined to be dependent on the
number of transactions considered in each of #ratibns. In this case, it has been chosen to be
1/3rd of the total number of the participating sactions. This value has been chosen because
it is a moderate value in the sense it is less #awhich may become relatively high to
consider participation of the attributes and alsi imore than % which may be relatively a
small number for consideration. According to thpedfication, in the first iteration, since the
number of participating attributes is 18, the miamsupport value has been chosen to be 6
(1/3rd of 18). In the next iteration, as the numbkparticipating attributes has been increased
to 36, the minimum support value also got increamadl has been set to 12 (1/3rd of 36). In
this way, the minimum support values for the oftenations have also been chosen.

Transaction number Participating attributes

1 1,3,4,5,6,7,8,10,11,12,15,16,17,20
2,3,4,6,7,8,10,12,13,14,15,16,17,1

3 2,9,14,16
4 1,2,3,4,5,6,7,8,9,10,11,12,14,16,17
5 1,3,5,6,7,8,9,10,11,12,13,14,15,16,
6 2,4,5,6,7,8,9,10,11,12,13,14,15,18,
7 1,2,3,4,5,6,8,9,10,11,12,13,14,15,1
8 1,2,3,8,13,15
9 2,6,16
10 1,2,3,4,5,6,7,8,9,10,11,12,13,14/15
11 2,3,5,6,7,8,11,12,13,15,18
12 1,3,10,11,15,18,19
13 13
14 2
15 3,4,5,6,10,11,12,13,14,16,17,18,20
16 9,10
17 1,2,3,4,6,7,8,9,12,13,14,15,16,1V,1
18 2,3,4,7,8,10,12,16,18,20

Table 5.1: The first set of transactions under @ration

For the implementation purpose, the set of attebuparticipating a single transaction is
assigned with a binary number as a whole. Thisagmbr follows the methodology described in
chapter 4.
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The participating attributes have been identifigd ‘b's and the attributes which are not
participating in a transaction have been identifigd0’s and thus forming a binary pattern. For
example, if in a transaction attribute numbers &nd 3 are only participating and the attributes
with numbers 5, 2 and 1 are not participating tthencorresponding binary pattern is formed to
be 101100, which has a decimal equivalent valud4ofSo, the number ‘44’ identifies the
participating attributes in this transaction.

Transaction number Participating attributes
1 5,8,9,10,15,17,20
2 2,20
3 1,2,3,4,5,6,8,9,10,12,13,14,16,17,1
4 6,7,12,13,14
5 2,4,7,8,10,13,14,15,20
6 1,2,3,5,6,7,8,9,10,11,12,14,15,16,1
7 4,16,18
8 1,4,14
9 1,2,3,5,6,9,10,11,12,13,14,16,17,1
10 1,2,4,7,8,9,12,13,14,17,20
11 1,2,3,4,7,8,9,11,13,14,15,17,18,119
12 1,2,3,5,7,8,9,11,12,13,14,15,17,19,
13 1,2,3,4,5,6,7,8,9,10,11,12,13,14/15
14 1,2,4,12,15,16
15 1,4,6,7,8,10,11,12,13,14,15,16,17,
16 1,2,3,4,6,7,8,11,12,13,14,15,16,17,
17 1,5,6,9,10,12,14,15,16,18,20
18 1,2,3,4,5,6,7,8,9,10,11,12,13,14/15

Table 5.2: The second set of transactions undesideration

In the first iteration, shown in table 5.1, sinbe number of transactions was 18, the minimum
support value was chosen to be 6 as already expla@nd after this iteration, only one frequent
set was identified and that was [6, 8, 12, 14,185,19] which had the minimum support value
of 6, i.e., this set has occurred 6 times in theletset of transactions as depicted in table 5.1.
In accordance with the reason explained above, s#isis identified by the binary number
01101010100010100000 (with the MSB correspondshe 2d" attribute and the LSB
corresponds to the'httribute) which has the equivalent decimal nun#&6384.
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The next step was to find out the confidence valuthe other attributes on [6, 8, 12, 14, 16,

18, 19]. This calculation is based on Boolean Asdmmn rules as described in the previous
chapter. It was calculated that no other attribatessed the minimum confidence value of 0.7
and hence after the first set of 18 transactidmes naterialized view set has become [6, 8, 12,
14, 16, 18, 19] and the non-materialized view st lbecome [1, 2, 3, 4, 5, 7, 9, 10, 11, 13, 15,
17, 20]. So, it can be concluded that the seveibatés present in the materialized view have
got preference over others and thus only thesiuatitss can be mined. Now, the aim of the
algorithm is to identify whether any new attribigemined in the next iteration or not. It may

also happen that after the next iteration, anytiejsattribute may have to be omitted from the
set with the introduction of the new ones.

Transaction Number Participating attributes
1 6,10
4,5,7,15

3 1,3,4,6,8,9,11,12,14,15,16,17,18,1
4 2,3,5,8,9,11,18,20
5 1,2,3,4,5,7,8,9,11,12,13,14,15,17,1
6 1,2,4,7,9,10,11,13,14,15,16,17,18,
7
8
9

2,3,4,7,10,11,15,16,17,18,19,20
1,2,3,5,6,7,8,9,10,11,12,13,14,1%,1
1,2,3,4,6,8,9,12,14,15,17,20

10 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15
11 3,6,8,12,13,14,16,17,19

12 1,2,3,5,6,7,11,16,17,19,20

13 2,3,5,6,7,8,10,12,15,17,19,20
14 2,3,4,5,6,8,9,10,11,12,14,15,16,18,
15 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15
16 1,4,6,8,11,12,14,15,20

17 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15
18 8

Table 5.3: The third set of transactions under iclamation
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Similarly, in the second step of the iterationshewn in table 5.2, a new set of 18 transactions
was considered along with the already considerédasseé hence in this iteration, the total
number of participating transactions was 36 and fieimum support values has been
increased to 12 (1/3rd of 36).

After applying the algorithm, only the set [10, 14, 18] was identified to be materialized, i.e.,
crossed the threshold value of the minimum supporivas also found that the above-
mentioned set has got the minimum support valuE3of50, like the previous iteration, the next
step was to find out the confidence value of tHeeotttributes on [10, 14, 16, 18], i.e., on
00101010001000000000r 172544,.

Transaction Participating attributes
1 1,514
2 1,3,5,10,12,14,19,20
3 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15
4 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15
5 1,2,3,45,7,8,9,11,12,13,14,15,17,1
6 5,20
7 1,3,4,6,7,8,9,10,11,12,13,14,15,16,
8 4,10,11,14,16,17,18
9 7,12,14
10 1,2,6,8,10,12,13,17,19
11 512,15
12 1,2,3,6,11,12,13,14,15
13 3,4,14,17,18
14 1,3,7,15,19
15 2,3,4,5,6,7,8,9,10,12,13,14,15,16,1
16 2,6,9,11,12,15
17 4
18 1,2,3,45,6,7,8,10,11,12,13,14,15,1

Table 5.4: The fourth set of transactions undesig@ration

Again, it was identified that no other attributesheonfidence value above or equal to the
predefined minimum confidence value of 0.7. Soerathe second iteration, the materialized
view set became [10, 14, 16, 18] and hence thiss®htined the attributes to be mined.
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The interesting point is that one new attribute,, iattribute number 10, has been added in the
materialized set and the four attributes (6, 8at@ 19) got removed from the materialized set
that was generated after the first iteration. After third iteration also, as shown in table 5.3,
no other attribute could cross the minimum confatenalue and the materialized view was
identified to be the set [10, 17, 19].

But after the fourth iteration, i.e., the finalriaion, as shown in table 5.4, as it has happened
for the test case, more sets have satisfied theémaim support value as well as the minimum
confidence value. In this iteration, the total nembf transactions involved was 72 and hence
the minimum support value was chosen to be 24 163r72). With the result of this final
iteration, the next steps are to be executed.

It was found that more than one set of attributagehcrossed the threshold value of 24. The
sets and their corresponding support values arengin table 5.5. This table also lists the
decimal values of all the selected sets of attebut

Set of attributes Decimal Value Support Value
[3,12, 14, 16] 43012 25
[4, 16] 32776 28
[3, 14, 16] 40964 25
[3, 16, 19] 294916 25
[15, 16] 49152 26
[14, 16, 18] 172032 25
[14, 16, 19] 303104 25
[6,12, 14, 16, 19] 305184 24
[8, 14, 16] 41088 24
[12, 15, 16] 51200 24
[12, 14, 16, 19] 305152 24

Table 5.5: The sets with their respective suppalies after the fourth iteration

As a part of the algorithm, the next step wasrd the final materialized view and to do that, it
was required to check the confidence values oattridutes on each of the attribute set already
chosen as displayed in table 5.5.
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If the confidence value of any such attribute cegsthe threshold value of the minimum
confidence value chosen then only the attributel Wweé considered in the final view

materialization set.

It may be observed from table 5.5 that in all oé tthansactions attribute number 16 has
appeared. So, in the next phase of the implementaiti was required to check whether any
other attribute or attribute set in each transachiad confidence value above the minimum
confidence value.

Confidence value
| Set of (?ther attributes Decimal value of of the set in
Set of Attributes on attribute number the set in column 2 column 2 on
16 attribute number
16
[3, 12, 14, 16] [3,12,14] 10244 0.675675675675675
[4, 16] [4] 8 0.756756756756756
[3, 14, 16] [3.14] 8196 0.675675675675675
[3, 16, 19] [3.19] 262148 0.675675675675675
[15, 16] [15] 16384 0.702702702702702
[14, 16, 18] [14.18] 139264 0.675675675675675
[14, 16, 19] [14,19] 270336 0.675675675675675
[6, 12, 14, 16, 19] [6,12,14,19] 272416 0.64864 818548
[8, 14, 16] [8,14] 8320 0.648648648648648
[12, 15, 16] [12.15] 18432 0.648648648648648
[12, 14, 16, 19] [12,14,19] 272384 0.648648648648364

Table 5.6: The confidence values of all other latiies on the attribute number 16

The next table, i.e., table 5.6, depicts the carfa# values obtained in all of the above-
mentioned cases. It is observed from this tablé dhyy in the second and the fifth rows, the
confidence value is above the minimum confidendeevaf 0.7. These two rows correspond to
the attribute number 4 and the attribute numbeaetpectively.

Hence, it may be concluded that along with thelatte number 16, two more attributes, i.e.,
attribute 4 and attribute 15 may be consideredHerfinal set of materialized view and hence
in the final set of mined data.
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So, the finally selected set of attributes for datming after the above-mentioned four
iterations is [4, 15, 16]. This selection of attribs for data mining is purely based on the
frequency of occurrence of the attributes.

Thus, materialized view has been successfully usethplementing data mining operations,
specifically when the input data sets are chandyrmgamically.

There is a limitation of the proposed methodolo§ince this method is based on Apriori
algorithm, only the frequencies of the attributes eonsidered for view materialization. There
may be other possibilities and factors for considgimaterialized view in incremental data
mining. The factors may include the relevance efdbtput of a query with the existing mined
data set and the space constraint of the mined d¥¢ith the introduction of these as the
additional parameters, the updation of the mingd ey be more specific.

5.4 CONCLUSION

The proposed method has discussed about the possiblof materialized view in incremental
data mining where periodic update operations ageired. Since this method is based on
Apriori algorithm, only the frequencies of the ditites are considered for view materialization.
The frequencies of the attributes have been cdaéulilbased on the historical transactions
performed on the database. There may be other hildgss and factors for considering
materialized view in incremental data mining. Tlaetbrs may include the relevance of the
output of a query with the existing mined dataa®d the space constraint of the mined data.
With the introduction of these as the additionalpaeters, the updation of the mined data may
be more specific. One major drawback of the prop@dgorithm has been with regards to the
number of transactions considered in each of ttibns. Here, eighteen new transactions
have been considered in each of the iterationprdotice, the number of transactions may be
much more than that. Further, in each of the nevations, the participating set of transactions
of the previous iteration has also been consideedif the ‘no_iter’ value if large, then in the
final iteration, the number of transactions to basidered would have been huge. In this work,
the Apriori algorithm has been invoked iterativehthin MVG_AA () algorithm. Moreover,
MVG_AA () has been invoked iteratively from MVG_ID( ). So, asymptotically, the Apriori
algorithm is invoked in the polynomial time of ‘niter’. Additionally, the complexity of the
Apriori algorithm can be controlled by modifyingetiminimum support value.
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CHAPTER 6
CONTENT BASED IMAGE RETRIEVAL THROUGH MATERIALIZED
VIEW

6.1 INTRODUCTION

A view or often termed as a logical view is a datsobject which temporarily stores the result
of a query. On the other hand, a materialized vugealso a database object but unlike a logical
view, it physically stores the output of a queryemen of a query set [2]. Many commercial
database packages have, of late incorporated tierag®on of a materialized view and the use
of the same [21][22], as described in the previchapters as well. Materialized views help in
eliminating the overhead involving expensive joamsl aggregations that need to be performed
for a large class of queries and offer significemprovements in query processing time,
particularly for aggregation queries over tables cohsiderable size [23][52]. There are
different approaches of identifying the optimal wagf storing data to be materialized. In
general, the use of materialized view lies in theddf of faster query processing and a
methodical data analysis. Since most of the ardeyevmaterialized view is often used deal
with text-based data, there are different wayd@orghms to do that. This chapter introduces a
method of utilizing materialized view in image ddgation and retrieval which find
applications in a wide variety of different domaimecause of the exponential growth in the
field of multimedia applications, storing and retring the desired digital data in the form of
images have become an area of concern, of lategd&leof the proposed method is to improve
the way the images may be stored, retrieved basedheir different classes. Image
classification is the process of classifying imagas one of two or more classes based on
certain features extracted from the images. Retrieimages based on their defining features
leads to the concept of Content Based Image Ratriev CBIR which is the process of
searching and retrieving images from a databaseolection of images based on an image
query. In this chapter, a method has been propwmsetilize materialized view in the domain of
content based image retrieval. Here, the imageyquasists of the features of the images to be
classified and they are compared against the festof the images stored in the form of
materialized views. Instead of retrieving matchimgges as is the case in the traditional CBIR,
the new images are added to the materialized \hetvdontains the matching images.
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So, the main objective of the proposed researclk vgaio classify the unclassified images and
determine in which materialized view the image dtidae placed. Any subsequent new images
are classified with the materialized views updatéth the previously classified images. In
general, the classification technique consistsmaf phases — training and testing where in the
training phase, the classifier is trained usinguaber of images whose classes are already
known and identified by class labels. Once theningi phase is complete, the testing phase is
performed in which the now trained classifier iediso determine the class of new, unclassified
images i.e. images whose class label is not kndiumce classification involves a training
phase involving labelled samples, it falls under tlategory of supervised learning. There are
various methods that can be used for performingstiaation based on supervised learning.
The basic method that has been used here in tlppged research work is support vector
machine which is a widely used supervised macheening algorithm. CBIR can be
implemented in various ways. One of the most commays of achieving that is through some
defining image features like colour, shape and ldephis method described in this chapter
mainly focuses on the colour-based approach, basemlour moments algorithm and shape-
based approach, based on height and width ratie been used to perform image retrieval and
image classification.

6.2 SUPPORT VECTOR MACHINE

The methodology discussed in this chapter mainlyedds on the approach followed by a
supervised category of machine learning model dathe Support Vector Machine or SVM
[53]. A Support Vector Machine is a technique ttlassifies data by finding an optimal line or
hyperplane that maximizes the distance betweendash in an N-dimensional space [53][54].
It can classify both the linear as well as the m@madr data. When the data are not linearly
separable, kernel functions are used to transféwndata to a higher-dimensional space to
enable linear separation. There can be many kdéumetions like linear kernel, polynomial
kernel, Radial Basis Function or RBF kernel andnsigl kernel [55]. The choice of a specific
kernel function may depend on the characteristidhe data and the specific use case. Within
the new dimension obtained, it searches for thealinoptimal separating hyperplane or a
decision boundary. With an appropriate nonlineappirag to a sufficiently high dimension,
data from two classes can always be separatechgpexplane. An SVM finds this hyperplane
using support vectors which are the training tu@ed the margins that are defined by the
support vectors.

71



Since an SVM is based on finding a hyperplane betwsvo different data classes, it is a
binary classifier, but can be augmented by varimgthods to classify data into additional

number of classes.
6.3 PROPOSED METHODOLOGY

The main problem related to the research work ddssify the uncategorized images into one
of two or three materialized views each containimgges belonging to a particular category,
I.e., a particular class. So, the proposed methodctassify two different images and even three
different images. To solve this problem, a classifias been designed based on the features of
a support vector machine which is trained usingriegges in the materialized views. Once the
training phase is complete, the classifier accaptput the image to be classified and then
places it in the correct materialized view. The ated materialized view is then used to retrain
the classifier before classifying the next uncateguol image and the process is repeated for the
subsequent iterations. Image classification invgviwo classes and three classes both consist
of two major phases — an initialization phase inchtthe training set of images are read and
the training matrix is constructed using the feaduselected from these images, and a training
and classification phase in which the classifietrasned and new images are classified using
the trained classifier. So the method consiste@ffollowing sub-problems:

Feature extraction, classifier training and clasaifon of new images. Each of these sub-
problems is described below:

Feature extraction — This process involves extracting or selectinguesgt from the images
that will be used to train the classifier and therclassify new images after training. This was
implemented in two different ways, at first; feawselection process that was designed was
based on the intensity of the images. Later, tla¢ufe extraction process has been modified
and instead of considering the intensity of theges the shapes of the images have been
considered and the latter process has given beialts. In this research work, the shape of an
image has been taken in the form the ratio of éigtt with its width. In the initial attempt of
classifying the images based on their intensities,color moments algorithm [56] was used to
derive the features for each image. The featuredymed by this algorithm are based on the
intensity distribution of the image. At first, tladgorithm has converted the input image into the
HSV (Hue, Saturation, Value) color space from tl@&&BRRed, Green, Blue) color space.
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The algorithm has then proceeded to calculate #genrpixel intensity, the variance of the pixel
intensities and the skewness of the pixel integsitor each channel, i.e., for Hue, Saturation
and Value and this has been done for each images, Tor each image, this process has
generated nine feature values which together hamstituted the feature vector of an image.
These feature values have been used to classifyieage.

The pseudocode for the color moments algorithnivsrgbelow:
COLOR_MOMENTS ( )
{

Initialization: The feature vector to be zero

Input: The image whose feature vector is to be calculated

The input image is converted from the RGB color space to HSV color

space

Extract three individual channels in the form of Hue, Saturation and

Value
For each channel
Loop
The mean pixel intensity is calculated
The variance of the pixel intensity is calculated
The skewness of the pixel intensity is calculated
End Loop

The feature vector is stored with nine values obtained through the above

iteration

The features vector is returned
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Although the classification process by means of dblr moments algorithm may produce
satisfactory results, the process may not be opsmee it is possible for two classes of images
to have similar intensity distributions, particljaif images are in grayscale. Thus, a second
approach has been generated based on the shapesimoiges. Although two different classes
of images may share similar intensity distributioniseir shapes should be significantly
different in most instances. Thus, generating fegstbased on the shapes of the principal object
in the image would be more effective in performimgge classification. Using the shape as the
principal feature for classification would allowetlelassifier to be able to differentiate between
different classes of images regardless of simigensity distributions, if any, especially in the
case of grayscale images as discussed above. tBactassifier can only work with numerical
feature values, a numerical representation forith@ge shape would be required. Such a
representation has been produced by taking the aditthe height of the image shape to the
width of the shape and this ratio has been corsidey be the feature for each image. Thus,
while the previous method required needed to storene-element feature vector for each
image, in this method, only one feature value facheimage needs to be stored, thus saving
disk space as well. Since the image shape is alsgttar discriminator between images than
intensity distribution, the classification accurdwys also been improved, as will be discussed
in a later section. The following is the pseudoctmighe shape based feature selection process:

EXTRACTION_SHAPE ()

{
Input: The image whose feature vector is to be calculated
The input image is converted intfo a grey-level image
The points of interest are detected on the converted image

The most important, i.e., the most useful 100 points are identified on the

detected points
The coordinates of the selected points are determined
X «— the x-coordinates of all the points

y < the y-coordinates of all the points
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height «— max(y) — min(y) /* max ( ) and min () are tow
function to respectively calculate the maximum and the minimum values

from a list */

width « max(x) - min(x)

ratio <« height / width

The value stored in ratio is returned

}

Classifier training — The classifier is trained using the image featafesll the images in the
training data set.

Classification of new images -The same features are extracted from the imagdseto
classified in order to classify the images usirgheviously trained classifier.

The primary difference between the two-class dasgion and the three-class classification is
that for the latter three training matrices arestnrcted and correspondingly, three different
classifiers are trained. The class label for the meage is determined by taking the majority of
the labels output by the three classifiers. Theralgm for the process is given below:

Step 1: Images present in the training set are read.
Step 2: The features for each of the images to be trained are calculated.

Step 3: The training matrix using the computed image features and associated

class label is computed. The computation is done for each image.

Step 4: For the first iteration, the classifier is trained using the data obtained in
the training matrix and for any subsequent iteration, the classifier is retrained

with addition featured data, if any.
Step 5: The image to be classified is read.

Step 6: The features of the newly accepted image, as given in step 5 are

calculated.

Step 7: The class label of the new image is computed after invoking the

classifiers that have been created in step 3.
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Step 8: The fraining matrix is augmented with the features and the class level of
this new image. The augmentation is done for the incremental mining of the

image features.

Step 9: If any more image is to be classified, then the control is transferred to

step 4; otherwise the process is stopped.

In the above mentioned algorithm, the first thres may be considered to be the initialization
phase whereas the next steps may be identifieleagrdining and classification phase. This
algorithm has been designed with the help of tregatdteristics of supervised machine learning
approach, specifically, support vector machine lesady mentioned in the previous sections.
The algorithm, named as IMG_CLASSIFICATION for ingaglassification using the features
of an SVM is given below. This algorithm classifieg different classes of images and hence
this is dependent on two different materializednggeviz., MV1 and MV2. These two views
already store the features of the images correspgid two different classes.

IMG_CLASSIFICATION( )

{

Initialization: The feature vector to be empty and the list of labels to be

empty

Input: Two materialized views MV1 and MV2
For each image | in MV

Loop

The required features are selected using the feature selection

process
The features are added to the feature vector
The label corresponding to MV 1 is added to the list of labels
End Loop

The above loop iterated for each image in MV2 too.
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The classifier is tfrained with the feature vector and the list of labels as
parameters

For each image J to be classified

Loop

process

view

The required features are selected using the same selection

The image J is classified using the selected features

Image J is added to either MV1 or MV2 depending on the features
obtained

If Jis classified to be in MV 1
Then

MV1 is updated
Else

MV2 is updated

End If

The classifier is retrained using the newly updated materialized

End Loop

}

Since a support vector machine is capable of omlgrip classification, to design an algorithm

for more than two-class classification, the methbdinary classification has to be used, i.e., a

ternary classification has to be performed by mesng binary classifier. Since in a ternary

classification,

three classes are required, thitkerent SVMs have been trained, one for each
of the three pairs of classes possible among tree tHifferent classes. Thus, each of these
SVMs is a binary classifier as before. Once théseet classifiers have been trained, new

images having three different types of attribut@s loe classified.
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This is done for each image by attempting to clgssusing each of the three classifiers. Each
classifier would output the class which it has siféesd the new image into. To determine the
correct class of the new image, the class whichbleas output by a majority of the classifiers
has been chosen and in the present method of rieryeclassification, a majority means two
classes out of three classes. The following exami@heonstrates this:

Assuming that there are three classes C1, C2 anth@® binary SVMs have been trained for
classifying between C1 and C2, between C2 and @3iaally between C3 and C1. Now, if an
image that should be classified as belonging tesc@l is taken as an input, each of the three
SVMs are executed on the unclassified image. Theatdus C2 classifier would output class
C1, the C3 versus C1 classifier will output cladsadd the C2 versus C3 classifier will output
either C2 or C3 depending on which of these twesda the image is closer to. Since class C1
is the majority output (i.e., output by 2 of thel8ssifiers) class C1 is to be taken as the correct
class of the image and this is the desired oufplé scenario of generating three different
outputs for three different binary classifiersrgpracticable as explained below:

If for an image, the C1 versus C2 classifier owgpd1L and the C3 versus C1 classifier outputs
C3, then there would be no majority output claghef C2 versus C3 classifier now outputs C2.

But this is not possible, as the test image isezlés C1 than to C2 as determined by the first

classifier, and also because it is closer to C8 tbhaC1 as determined by the second classifier,
it logically follows that the image must be closerC3 than to C2 and hence the C2 versus C3
classifier would definitely output C3 and thus tlesultant class of the new image would be

class C3.

The following is the pseudocode for three-classsifecation where MV1, MV2 and MV3 are
three materialized views containing the requiredudee of three different image classes:

THREE_CLASS_CLASSIFICATION ()

{

Initialization: Three feature vectors C1, C2 and C3 to be empty and three

lists of labels L1, L2 and L3 to be empty
For each image | in MV

Loop
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The required features are selected using the feature selection

process
The features are added to the feature vectors C1 and C2

The label corresponding to MV1 is added to the lists of labels L1
and L2

End Loop

For each image | in MV2

Loop

The required features are selected using the feature selection

process
The features are added to the feature vectors C3 and C1

The label corresponding to MV2 is added to the lists of labels L3
and L1

End Loop

For each image | in MV3

Loop

The required features are selected using the feature selection

process
The features are added to the feature vectors C2 and C3

The label corresponding to MV3 is added to the lists of labels L2
and L3

End Loop

The C1 versus C2 classifier is trained with the feature vectors C1 and C2

and the lists of labels L1 and L2 as inputs

The C3 versus C1 classifier is trained with the feature vectors C3 and CI1

and the lists of labels L3 and L1 as inputs
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The C2 versus C3 classifier is tfrained with the feature vectors C2 and C3
and the lists of labels L2 and L3 as inputs

For each image J to be classified
Loop

The required features are selected using the same selection

process

The image J is classified using the selected features using each of

the three classifiers.

From the three outputs produced by the three classifiers, the output that

occurs twice is selected

Image J is added to MV1, MV2 or MV3 depending on the output
obtained

The feature vectors of MV1, MV2 or MV3 are updated using the features

of the newly classified image
The classifiers are retrained using the newly updated materialized view

End Loop

}
6.4 RESULTS AND ANALYSIS

All the algorithms as mentioned in the previoustisac have been implemented and the
application has been tested with standard data Be¢ssystem that was used to implement the
algorithm had Intel Core 2 Duo processor with aeslpef 2.0 Ghz. The operating system used
was Windows 7 and the software tool used to whtedode was MATLAB 2015b. Though the
application can directly executed in a system hgany version of Windows operating system
above the XP version and the runtime environmeatt igrrequired is MATLAB runtime. The
initial testing for the two-class image classifieade use of the color moments feature selection
process. To test it, the images of elephants andgsafrom a dataset that was accessible at [57]
were used. Some of the used images are givenfigome 6.1 to figure 6.4.
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Figure 6.1: Four sample images of pandas usedhéoiraining purpose

Figure 6.4: Four sample images of elephants ugethéatesting purpose
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In the second approach of the image classificai®mmentioned in the previous section, the
method was based on the image shape and accordiesfiyng was done with the new process
using the same set of images as above and the [atteess gave better results. Having
successfully tested the classifier on animal imalges classification was conducted. The leaf
images were taken from the dataset as mentiong8JnThe leaf images were mainly used for
the ternary classifier as proposed in the preverion. To do this, three different types of
leaves were taken and to train the classifier, 8%mnages under each category were taken.
After training the classifier, rest of the imagesre/ used for the testing purpose. Since the
ternary classifier depends on the binary classifter train the former, the latter were
automatically tested. So, as far as the binarysiflas is concerned, training and testing were
conducted for three different pairs of image clas§ome of the images used for the purpose
are given next from figure 6.5 to 6.10.

Figure 6.5: Four sample images of class 1 leaves fs the training purpose

Figure 6.6: Four sample images of class 2 leaves fs the training purpose

Figure 6.7: Four sample images of class 3 leaved fos the training purpose
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Figure 6.8: Four sample images of class 1 leaves s the testing purpose

Figure 6.9: Four sample images of class 2 leaved fos the testing purpose

Figure 6.10: Four sample images of class 3 leased for the testing purpose

With all the above mentioned datasets, the reduli$ were obtained after implementing
algorithms as mentioned in the previous sectiongwen next. Table 6.1 shows only one
snapshot of the result containing thirty imageswigd after applying COLOR_MOMENTS ()
with  IMG_CLASSIFICATION ( ) and EXTRACTION_SHAPE () with
IMG_CLASSIFICATION () on the animal images. Talflel also shows a comparative study
of the outputs obtained when binary classificatisas implemented after considering the
features related to the colors of the images as agethe shapes of the images. All the file
names have been shown in table 6.1 are from thaiasela The algorithms
COLOR_MOMENTS () and IMG_CLASSIFICATION (') wergplied on the animal images
from the dataset obtained from [57] to considerocaklated features and the algorithms

EXTRACTION_SHAPE () and IMG_CLASSIFICATION( ) wernased to the shape related
features of the images.
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color_moments( ) and| extraction_shape() and
img_classification( ) img_classification( )
Test No. File Name Class —

Classified correctly | Height/Width | Classified

(Yes/No)? ratio correctly

(Yes/No)?

1 image_0013 Panda No 1.04 Yes
2 image_ 0032 Panda No 0.691 No
3 image 0033 Panda No 0.632 No
4 image 0035 Panda No 1.52 Yes
5 image_0036 Panda Yes 1.07 Yes
6 image_0037 Panda Yes 0.753 No
7 image 0038 Panda Yes 1.03 Yes
8 image 0038 2 Elephant No 0.723 Yes
9 image 0039 Elephant Yes 0.676 Yes
10 image_0040 | Elephant No 0.614 Yes
11 image 0041 Elephant Yes 0.807 Yes
12 image 0042 Elephant Yes 0.877 Yes
13 image 0043 Elephant Yes 0.723 Yes
14 image 0044 | Elephant Yes 0.814 Yes
15 image_0045 Elephant Yes 0.661 Yes
16 image 0046 Elephant No 0.912 Yes
17 image 0047 Elephant Yes 0.849 Yes
18 image 0048 Elephant Yes 0.858 Yes
19 image 0049 Elephant Yes 0.690 Yes
20 image_ 0050 | Elephant Yes 0.690 Yes
21 image 0051 Elephant Yes 0.678 Yes
22 image 0052 Elephant Yes 0.727 Yes
23 image 0053 Elephant Yes 0.937 Yes
24 image 0054 Elephant Yes 0.956 Yes
25 image_0055 Elephant Yes 0.794 Yes
26 image 0056 Elephant Yes 0.764 Yes
27 image 0057 Elephant No 1.13 No
28 image 0058 Elephant Yes 0.646 Yes
29 image 0059 Elephant Yes 0.871 Yes
30 image_0062 Elephant No 0.735 Yes

Table 6.1: Animal image classification

The classification accuracy after considering codated features was 70% whereas the same
for the shape related features was 86.7%, whialréasonable improvement. Figure 6.11 gives
a graphical comparison of the outputs obtained.
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Figure 6.11: A comparative study of the outputoted from two different methods shown in

table 6.1
color_moments( ) and extraction_shape() and
Test File Name | Class img_classification( ) img_classification( )
No. Classified correctly Height/Width Classified
(Yes/No)? ratio correctly
1 111C Class ! Yes 0.701 Yes
2 1111 Class Yes 0.703 Yes
3 111z Class . Yes 0.75¢ Yes
4 111z Class Yes 0.71¢ Yes
5 111¢ Class Yes 0.76¢ Yes
6 111¢ Class . Yes 0.801 Yes
7 111¢ Class Yes 0.72¢ Yes
8 1117 Class . Yes 0.731 Yes
9 111¢ Class Yes 0.67¢ Yes
10 111¢ Class . Yes 0.691 Yes
11 112C Class Yes 0.681 Yes
12 1121 Class Yes 0.67¢ Yes
13 112z Class Yes 0.407 Yes
14 1181 Class . Yes 0.891 Yes
15 118: Class . Yes 0.89: Yes
16 118:¢ Class ; Yes 0.98¢ Yes
17 118¢ Class . Yes 0.96 Yes
18 118¢ Class Yes 1.04 Yes
19 118¢ Class . Yes 0.91¢ Yes
20 1187 Class ; Yes 1.0¢ Yes
21 118¢ Class ; Yes 0.91¢ Yes
22 118¢ Class . Yes 0.94¢ Yes
23 119C Class . Yes 0.96( Yes
24 1191 Class . Yes 0.97( Yes
25 1192 Class . Yes 0.93] Yes
26 119: Class . Yes 0.97( Yes
27 119¢ Class . Yes 0.971 Yes

Table 6.2: Leaf image classification
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Test No. File Name Class Height/Width ratio Classiéd correctly (Yes/No)?
1 1110 Class 1 0.701 Yes
2 1111 Class . 0.707 Yes
3 1112 Class 0.756 Yes
4 1113 Class 0.714 Yes
5 1114 Class . 0.768 Yes
6 1115 Class 0.801 Yes
7 1116 Class 0.729 Yes
8 1117 Class . 0.731 Yes
9 1118 Class 0.674 Yes
10 1119 Class 0.691 Yes
11 1120 Class 0.681 Yes
12 1121 Class 0.674 Yes
13 1122 Class . 0.407 No
14 1181 Class 2 0.891 Yes
15 1182 Class 0.892 Yes
16 1183 Class: 0.986 Yes
17 1184 Class ¢ 0.967 Yes
18 1185 Class 1.04 Yes
19 1186 Class: 0.919 Yes
20 1187 Class 1.06 Yes
21 1188 Class: 0.918 Yes
22 1189 Class 2 0.944 Yes
23 1190 Class 2 0.960 Yes
24 1191 Class 2 0.970 Yes
25 1192 Class 2 0.931 Yes
26 1193 Class 2 0.970 Yes
27 1194 Class 2 0.971 Yes
28 1251 Class: 0.501 Yes
29 1252 Class. 0.554 Yes
30 1253 Class: 0.446 Yes
31 1254 Class. 0.450 Yes
32 1255 Class. 0.536 Yes
33 1256 Class. 0.456 Yes
34 1257 Class. 0.476 Yes
35 1258 Class. 0.508 Yes
36 1259 Class ¢ 0.454 Yes
37 1260 Class: 0.546 Yes
38 1261 Class: 0.528 Yes

Table 6.3: Output of the ternary classification
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Table 6.2 shows a snapshot of the comparative stidhe outputs obtained when binary
classification was implemented after considerirgyfératures related to the colors of the images
as well as the shapes of the images. The algoritidgtd OR_MOMENTS ( ) and
IMG_CLASSIFICATION () were applied on the leaf iges from the dataset obtained from
[58] to consider color related features and theordfgms EXTRACTION_SHAPE ( ) and
IMG_CLASSIFICATION( ) were used to the shape rafateatures of the images. All the file
names have been shown in table 6.2 are from th@isela Incidentally, the classification
accuracies in both the cases here were 100%. Susinase, no graphical comparison needs to
be shown.

On the other hand, table 6.3 distinguishes imagémiging to one of the three classes — class 1,
class 2 and class 3 from the dataset obtained [8in So, this table shows an instance of the
result obtained after applying ternary classificatbased on the shapes of the images. As
shown in table 6.3, in the ternary classificatiamgess, there is only one case where the
classifier has failed to correctly classify the geand the accuracy of the result is 97.37%.

In general, by going through the results shownhi@ &bove tables, it may be inferred that
shape-based classification process performs intterbsay than the algorithm based on the
color features of the images and the ternary dlag8bn process which in turn invokes the
binary classifier, gives a satisfactory result. Btwrer, as only some defining features against a
particular image was required to be stored in theva-mentioned methodologies, there has
been a significant improvement in terms of amodmhemory space used in storing an image .
So for classification and retrieval purpose, an geaf size in the order of kilobytes or
megabytes has been stored in a memory space wizess & the order of bytes. The number
of classes can be increased by incorporating fugthecessing of the binary classifier and the
resultant steps will also increase. The classii@ve more accurate result when shape-based
features were considered instead of the color-btessdres of the images. Few constraints are
to be maintained in the shape-based feature sae@mong them, one point is the orientation
of an image. The classification accuracy may beeeshbly affected if the orientation of the
images changes. Moreover, to reduce the heterdgeoéithe image orientation, some
established image registration algorithms may el dsefore actually using the images in the
classification of the images.
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6.5 CONCLUSION

The image classifier system based on materialized s proposed in this paper stores only
the defining points or characteristics of the insmgestead of storing entire images. This has
been the major improvement over the existing systefrimage classification. This proposed
classifier has been able to classify images beltantp three different classes. The number of
classes can be increased by incorporating furthecegsing of the binary classifier and the
resultant steps will also increase. The classii@ve more accurate result when shape-based
features were considered instead of the color-btesstdres of the images. Few constraints are
to be maintained in the shape-based feature sae@mong them, one point is the orientation
of an image. The classification accuracy may beeeshbly affected if the orientation of the
images changes. Moreover, to reduce the heterdgeoéithe image orientation, some
established image registration algorithms may el dsefore actually using the images in the
classification of the images. As a future prosptatse things may be taken into consideration
for proposing better algorithms to develop imagessifiers based on materialized view.
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CHAPTER 7

CONCLUSION

The thesis initially discusses about the matesealiziews with their generation methodologies
where two different types of algorithms have bemghlighted. These are genetic algorithm and
apriori algorithm. It also addresses the issueatedl to two different application areas of

materialized views. One application area is relatedncremental data mining another is in

connection with content based image retrieval. $akent features of the these have been
addressed in the first sub section whereas thendesab section highlights the finding of the

thesis. The final sub section gives a detailedusision on the limitations of the work described

in the thesis with some future scopes of work.

7.1 Summary of the work

The study has mainly two aspects — the first orassociated with the generation process of the
materialized view and the second one gives a e@etaliscussion on the application areas.
Different sub sections under this section summattizenovelty of the work discussed in the
thesis.

7.1.1 Materialized View generation using Genetic gbrithm

The first category of algorithm used for materiatizziew generation was genetic algorithm and
two different approaches have been presented iptet®a2 and 3. Different researchers had
earlier done work in the said domain and also ptotet the materialized view generation
process was an NP-hard problem but the presentet would generate the views in

polynomial time and exponential time. Few earlieorkvhad either used space or time to
generate materialized views in a multidimensionedce but the first work discussed in the
thesis considered both the parameters and hend@ generate views in an optimal way. The
second work using genetic algorithm considered ftequency of view generation as the
defining parameter. Both of these methodologieddcganerate materialized views in optimal
time and hence could solve the problem of MatexéaiView Selection (MVS).
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7.1.2 Materialized View generation using Apriori agjorithm

A different approach to generate materialized viewas also explored and that was based on a
seminal algorithm called Apriori where the majop@&st considered for view materialization
was the frequency of occurrences of the recordemoansideration. No prior research work
had used this approach for materialized view gdimgraThe major factor achieved through
this approach was the computational time complefdtyview materialization. Since Apriori
algorithm could itself generate the desired outcampolynomial time, its use in the problem
under consideration could also be possible in pmtyial time and this was explained in chapter
4.

7.1.3 Application of materialized view in incremenal data mining

The second part of the research work depictedarttibsis was dedicated to the different areas
of applications of materialized views. A lot of dipptions have already been highlighted in the
previously published research work but no speapplication was described in the field of
incremental data mining. This area of applicatioasvdescribed and analyzed in the thesis.
With an iterative approach of caching the outcoofesequently executed queries in the form
of materialized views, an effective of incremerdata mining could be achieved. Chapter 5
elaborates this application with supporting example

7.1.4 Application of materialized view in content bsed image retrieval

Image handling is now being considered as an dressearch which has manifold applications

in the domains of medical science, computer visipattern recognition and others. This

primarily includes retrieval of images and thereafirocessing according to the requirements.
Image retrieval is a technique which requires aireeimage and therefore a large amount of
memory space may be required when an applicati@dsnéo process a huge collection of
images. Content based image retrieval is a relgtimewer approach where some visual

contents of an image need to be processed foevatg an image without storing the entire

image and hence requires much less amount of mespage. In chapter 6, the thesis has
explored an area of utilizing materialized viewshe field of content based image retrieval by
considering the ratio of the height and the widthh@ images. This approach could not only
save space for storing the details of the imagéslso could substantially reduce the required
time to retrieve the images. The work was furthgramded in image classification as described
in the same chapter.
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7.2 ANSWERS TO THE RESEARCH QUESTIONS

The basis of the research work described in tresishis a database object called materialized
view. The initial questions, as put forward in smtt1.6 were related to the different
approaches of generating the same. As describedciions 3.3 and 3.4 of chapter 3, genetic
algorithms were successfully used for materializedv generation. Hence the methodologies
described in these two chapters answer the fisstareh question. The answer to the second
research question lies in the process describelapter 4 where the Boolean Association rules
and frequent itemset generation process of Apredgorithm were utilized for view
materialization in a novel way. Table 7.1 summaitkee parameters considered for view
materialization using different approaches as desdrin this thesis.

Approach Parameters considered Described in whichhapter
Genetic _ _ .
_ Space and time of the generated views Sectionf:Bapter 3
Algorithm
Genetic _ _ .
_ Frequency of view generation Section 3.4 of chapter
Algorithm

o _ Frequency of occurrences of each
Apriori Algorithm _ _ S _ Chapter 4
attribute in the participating transactions

Table 7.1: A summary of the different approachessmered for view materialization

The next questions, mentioned in section 1.6 welaed to few possible application areas of
materialized views. There have been various appiicse of materialized views in query
processing and in the field of knowledge discovieoyn the database. One of the challenging
application areas has been in the field of incraaletata mining. Chapter 5 elaborates the use
of materialized view for the said application arghbe this answers the third question of the
research objective.

The answer to the fourth question under the rebeabjective has been elaborated through
another application area in the field of conterddshimage retrieval. Chapter 6 elucidates an
approach of image retrieval process based on safieiry features of an image without
storing the entire image.
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This effectively saves the storage space and ats#me time, reduces the image fetch
operation. Table 7.2 summarizes this discussioatadl to the initial research questions
pertaining to the possible application areas ofemaized views.

Application Domain Described in which chapter
Incremental Data Mining Chapter 5
Content Based Image Retrieval Chapter 6

Table 7.2: A summary of the different applicatioras of materialized view
7.3 SCOPE OF FUTURE DEVELOPMENT

Each chapter entails a scope for further developrmetihe field of data processing, handling,

retrieving and analysis.

As far as the use of genetic algorithm is concelinethaterialized view generation, the work
can further be expanded to include a constraintelecting a particular set of views to be
materialized instead of considering all possibkng that can be generated. This constraint can
be a single view generation cost which can be nterggh the view size that is already
considered in the lattice structure. Moreover, éhex a further scope of introducing the
frequency domain with this. In the frequency dom#e frequency of occurrence of individual
queries will have to be considered. Another chaileg direction of future work aims at
addressing the view selection problem in a distedwsetting. Randomized algorithms can be
applied to complex problems dealing with large wreunlimited search spaces.

The next task has been view materialization usinpyioki algorithm. Since the proposed
method is based on the outcome of Apriori algorititmvorks on the frequency aspect of the
attributes present in the data transaction setth8oywork can further be expanded by including
other parameters like time to generate a mates@dhzew and the space to store a materialized
view. The output obtained by this algorithm is lthea a pre-defined set of transactions and
hence the frequencies of occurrences of attridntése transactions are also fixed. So, there is
a possibility that the frequencies of the attrilsubeay change in the future with a new set of
transactions.
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This factor may also be included along with thespré method to make the algorithm more
scalable and dynamic. When materialized view wseduor incremental data mining, only
frequency of occurrences of an item or an itemset eonsidered to be the defining parameter.
There may be other possibilities and factors farsabering materialized view in incremental
data mining. The factors may include the relevasicthe output of a query with the existing
mined data set and the space constraint of thechdata. With the introduction of these as the
additional parameters the updation of the mined day be more specific. Some factors may
also be added in future for the use of materiali@ed in content based image retrieval. Since
the proposed classifier gave more accurate resuéinwonly the shape-based features were
considered instead of the colour-based featurethefimages, few constraints are to be
maintained in the shape-based feature selectiomngnthem, one point is the orientation of an
image. The classification accuracy may be adveragcted if the orientation of the images
changes. Moreover, to reduce the heterogeneityh@firnage orientation, some established
image registration algorithms may be used beforga#ly using the images in the classification
of the images. As a future prospect, these thingg loe taken into consideration for proposing
better algorithms to develop image classifiers dasematerialized view.
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ADDENDUM

Question 1: What specific challenges in materializbview selection motivated the use of
Genetic Algorithms in your approach?

Answer: The algorithms that have been proposed in conmegtith the view materialization
have mostly worked on the selection of the progga doming from different queries executed
on the data set or stored in logical views. Froes¢halgorithms, the greedy ones have been
proved to be more successful in efficiently identi§ the list of queries to be considered for
the formation of materialized views. But these alhons have specifically not tested for a
large search space. Since genetic algorithm igdalwused evolutionary technique suitable for
getting an optimum set of solutions from a largarcle space because of its involvement in
utilizing multiple generations, this algorithm Hasen chosen in the research work.

Question 2: How does your View Materialization with Soft Computation (VMSC)
algorithm improve over the previous method [23]? Eplain with respect to fitness
function and time/space trade-offs.

Answer: The algorithm that was proposed in [23] had coneidéhe space constraint only in
the form of the view size in connection with theews considered for selection in the
chromosomes and ultimately used for view mate@#ilin. On the other hand, the present
algorithm, named as View Materialization with S@fomputation or VMSC has considered
both the space as well as the time of view seledto chromosome formation which has led to
view materialization. On considering this additibparameter, a significant improvement was
noticed on the results obtained. A comparison @ dhtputs obtained in the research work
depicted in [23] and those in VMSC and the relevamalysis have been done in details in
section 3.3.1.

Question 3: What role does the confidence metric @y in your selection of views for
materialization and how is it different from convertional association rule mining?

Answer: Conventional association rule mining method discevbe relationships between
itemsets present in a large dataset. It identifiedikelihood of one item being associated with
another item. In the research work depicted in tdrap of the thesis, a Boolean Association
Rule parameter called Support has been used tk ¢hechow frequently a set of attributes

appear together from a series of query transactions
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But it is also required to identify whether any ethattribute is there to be materialized along
with the attributes already chosen. For this, tlemfi@ence values of other attributes on the
already selected attributes are to be calculatéféctively, after applying both the Support

values and the Confidence values, all the impodadtassociated attributes could be identified

for materialization.

Question 4. How does using materialized views redacthe cost of incremental data
mining operations? Can you quantify the improvemert
Answer: With the use of materialized views, incrementaladatining operation could be
completed with a set union operation only afterstdering the only the new transactions and
applying MVG_AA( ) algorithm as described in chapteof the thesis. Instead of searching all
the transactions from the scratch, only new tratimas are considered and hence it reduces the
cost of iterating through the entire set of tratisas.
Question 5: In your proposed methodology, how do yb ensure consistency and
correctness of mined patterns after database upda@
Answer: The consistency and the correctness are ensuradiseof the following steps taken
during the design and the implementation of theratigm:

a) All the data have been collected, validated angnoeessed in a uniform way.

b) All the data have been processed through a cometarf algorithms.

c) The results obtained after adding new set of tretiszal data have been standardized

with those obtained from the previous instance.

Question 6: What are the key differences in materi@zed view selection between using
Genetic Algorithms and Apriori? Under what conditions would one outperform the
other?

Answer: Two algorithms have used distinct features of niaized view selections. Whereas
the methods based on Genetic Algorithms have mdiabn dependent on the design of the
fitness functions, crossover points and the nunadbegenerations, the one based on Apriori
Algorithm has considered Boolean Association Rugss the deciding factors of view
materialization.

The view materialization technigques based on Gemdgorithms should be preferred over the
ones based on Apriori Algorithm if the dependen€yhe attributes or transactions could be

represented in a lattice based structure.
102



On the other hand, the view materialization techegjbased on Apriori Algorithm should
outperform the others based on GA if the transastare represented in the form of association

rules

Question 7: Suppose a wildlife conservation orgargtion uses a content-based image
retrieval (CBIR) system built with materialized views and SVMs to classify thousands of
trail camera images daily. Over time, new speciedast appearing in the images due to
climate-driven migration. Given that the current system uses materialized views for
feature storage and a pre-trained SVM for classifiation, how should the organization
update its system to:

a. Efficiently incorporate new species into the rteieval and classification pipeline without
rebuilding the entire materialized view and retraining the SVM from scratch, and

b. Maintain real-time query performance in the fa@ of a rapidly growing and evolving
image dataset?

Answer:

a) The methodology described in chapter 6 of the shieasically highlights the usefulness
of multi-class classification problem using SVM. nide if new species keep on
appearing because of climate driven migration félaures of the new species are to be
collected as were done for the older ones and ¢he features should be incorporated
under a new class. Effectively, it will not be re@gd to rebuild the entire materialized
view and retraining the SVM from the scratch.

b) The CBIR algorithm proposed in chapter 6 did natsider storing the entire image.
Instead it needs to store only the defining parametf the images as mentioned in the
chapter. In fact, this is the usefulness of usiBjRCtechniques for image classification
problems. So even if the image dataset size ineseasd evolves, the performance of
the algorithm should not be affected.
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