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ABSTRACT: The present paper exploresthe possibility of modeling of uncertainty through temporal databases.
Considering limitations of relational model and technological progress, temporal databases emerged. Adding to
it, the uncertainty aspect for imitating human like thinking. Temporal models are discussed, leading to proposed

conceptual temporal database framework.
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. INTRODUCTION

The evolution of relational approach to databases is due
to Codd’s papers [5-7].Relational model did not address
temporal dimension. As technology progressed with
reference to computing and storage capabilities, existence
of temporal databases became a distinct possibility.

A database which maintains past, present and future data
is called a temporal database. Temporal data can be
discrete or continuous. Assuming time as discrete data,
for the sake of simplicity. For considering uncertainty
through fuzzy data, bivalent logic is inadequate. This
paper is organized in five sections. Section one is
introduction. Section two describes handling uncertainty.
Section three critically analyses about temporal data
models. Section four describes the framework for
modeling of fuzziness through temporal databases.
Section five has the conclusion of the work reported here.

I[I. HANDLING UNCERTAINTY

The information size increased by leaps and bounds
during the last century, leading to paradigmatic shift in
computing and mathematics in the last century. This led
to modern view of uncertainty where it is considered
essential to computing, unavoidable and of great utility.
Max Black was the first to envision and consider
vagueness aspect for logical analysis of data [4]. Later,
Kreye [11] also worked on handling uncertainty. Theories
such as probability theory, fuzzy theory, evidence theory,
possibility theory etc. evolved to manage uncertainty.
Evidence theory is based on dua non-additive measures:
belief measures (Bel) and plausibility measures (Pl).
Given a universal set X, assumed here 10 be finite, a
belief measure is a function Bel : P(X)—[0,1] such that
Bel(@)=0, Bel(X)=1. Associated with each Bel is a P,
defined by equation Pl (A) = 1- Bel (A) where a set is
represented by A.

Similarly, Bel (A) =1 - Pl (A). Evidence obtained in the
same context from two independent sources may be
combined using Dempster’s rule of combination.
Possibility theory and Probability theory are recognized
as special branches of Evidence theory. Possibility
Theory is a special branch of Evidence Theory that deals
with the bodies of evidence whose focal elements are
nested. Specia counterparts of belief measures and
plausibility measures in possibility theory are caled
necessity measures and possibility measures. Since
necessity measures are specia belief measures and
possibility measures are specia plausibility measures and
both measures constrain each other in a strong way. An
important property of possibility theory is that every
possibility measure is uniquely represented by the
associated possibility distribution function. In this paper,
primary focus is on one type of uncertainty, which is of
interest to us and that is fuzziness and fuzzy theory that
logically leads to fuzzy logic. Fuzzy logic evolved in
1965 with the publication of a paper [14] by Zadeh. The
characteristic function of a crisp set assigns a value of
either 1 or O to each individual in the universal set. This
function can be generalized such that the values assigned
to the elements of the universal set fall within a specified
range and indicate the membership grade of these
elements in the set in question. Such afunctionis called a
membership function and the set defined by it a fuzzy set.
The most commonly used range of values of membership
functions is the unit interval [0, 1]. A fuzzy set can be
defined mathematically by assigning to each possible
individual in the universe of discourse a vaue
representing its grade of membership in the fuzzy set. Let
U ={u; Ug.unnneen. u,} be a universe of discourse. A
fuzzy set A in the universe of discourse U is characterized

by the membership function L, given by pa : U - [0, 1].
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The membership function for a fuzzy set of U takes
values from the closed interval [0, 1]. A fuzzy set A is

defined as the set of ordered pairs A = {(u, la(u)) : u I
U} where Ha(u) is the grade of membership of element u

in the set A. The greater the amount of Ha(u), the greater
is the truth of the statement that ‘the element u belongs to
set A’. For example, consider a universe U = {DOG, CAT,
RAT}. A fuzzy set A of U could be A = {(DOG, 0 .7);
(CAT, 0 .99); (RAT, 0.4)}. Fuzzy set theory, fuzzy sets
and fuzzy logic is generalization of classical set theory,
crisp sets and boolean logic, respectively. The important
concepts of a-cut and strong a-cut ( of afuzzy set A isthe
crisp set “A that contains all the elements of the universal
set X whose membership grades in A are greater than or
equal to the specified value of o) are useful for
defuzzification to get equivalent crisp sets. Fuzzy
functional dependency for relational databases has been
defined by Hamouz and Biswas [8]. It is defined as
under:

Fuzzy Functional Dependency: Let X,Y R ={A; ., A,
. Ap}. Choose a parameter o [0, 1] and propose a
fuzzy tolerance relation named as R. A fuzzy functional
dependency (ffd) is said to exist if, whenevert,[X]
— t,[X] .

()R

Alternetively, the fuzzy functional dependency can aso
be represented as t;[X] E) E t, [X].

The set X of attributes fuzzy-functionally determines the
set Y of attributes at a-level of choice. In another
terminology, the set Y of attributes is: fuzzy-functionally
defined by the set X of attributes at a -level of choice. It
is denoted by the notationx@\( since R is aready

fixed but choices on a may be set by the database
designer to vary during the course of analysis. Hamouz
and Biswas emphasized more on the necessity to consider
integrity constraints of fuzzy nature, in database design.
Fuzzy logic has become an important consideration for
modeling time varying applications also.

[1l. TEMPORAL DATA MODELS

In this section, different temporal data models are
discussed. The key concepts and features are compared of
some of the important models, based on temporal and
non-temporal parameters. Ariav’s model [1] used tuple
time stamping with time being represented by discrete
time points in temporal mode. The model is conceptually
simplistic but difficult to implement in efficiency and
reliability terms. Ben-Zvi’s time relational model (TRM)
[3] has non first norma form (NFNF), as an important
concept. He gave the concept of effective time and
registration time, which are now known as valid time
(VT) and transaction time (TT), respectively. He was the
first to coin the term and notion of time-invariant key for
his non first normal tuples, called tuple version setsin his
terminology. The NFNF definition uses contiguous and
non-contiguous time relations. A valid time relation isin
time normal form (TNF) if and only if it isin snapshot

BCNF and there exists no tempora dependency among
its time varying attributes. Ben-Zvi differentiated
between an error and a change and made both of them
gueriable. He recognized the need for fast access to
current data. Jensen & Snodgrass model [9][10] proposed
bi-temporal conceptual data model (BCDM), allowing to
associate both valid and transaction times with data. [13]
The domains of valid and transaction times are the finite
sets Dyt and D+, respectively. A valid time chrononc, is
a time point belonging to Dyt and a transaction time
chrononc; is a time point belonging to Dr. A
bitemporalchrononcbh = (¢, ,c,) is an ordered pair
consisting of a transaction time chronon and a valid time
chronon. The schema of a bitemporal relation R, defined
ontheset U = {Ay,A,,...,An} of non-timestamp attributes,
isof theform R = (A, Az,...,AL | T), that is, it consists of n
non-timestamp  attributes  Ag,A,,...,A,, with domain
dom(A;) for each i  [1,n], and an implicit timestamp
attribute T. The domain of T is (Dt {UC})x Dyt , where
UC is a specia value that can be assumed by a
transaction time chronon to express the condition “until
changed”. For instance, to state that a tuple valid at time
¢, is current in the database, the bitemporalchronon (UC,
¢,) must be assigned to the tuple timestamp. As a genera
rule, they associate a set of bitemporalchronons in the
two-dimensional space with every tuple. An example of
temporal relational database is Time DB [15]. It uses the
extension approach with respect to the data structures.
Time DB uses a layered approach which means it was
built as a front end to a commercial DBM S that translates
tempora statements into standard SQL statements. This
way, it is possible to support features such as persistence,
consistency, concurrency, recovery etc. without having to
implement from the scratch.

IV. FRAMEWORK FOR MODELING OF
FUZZINESSTHROUGH TEMPORAL DATABASES

In last 20 years, several proposals to deal with uncertainty
or weighted data have been proposed. In an effort to
Integrate uncertainty (fuzziness) with relational model,
the concept of fuzzy functional dependencies has
emerged and many definitions have been given in
different contexts. In this paper, framework for temporal
databases with fuzzy perspective, is proposed, as in Fig.
1. In the context of temporal databases, the concept of
uncertainty in general and fuzzy logic in particular, is
very important in the modeling process. This proposed
framework intends to extend fuzzy functional
dependencies aready defined for relational databases to
temporal databases domain. Once the equivalent crisp
sets are obtained through defuzzification, the temporal
dimension along with the temporal operator is applied
and temporal fuzzy functiona dependency can be defined
to get the desired output through temporal databases.
Also, such functional dependencies will be evaluated for
their validity with reference to temporal-Armstrong
axioms.



Gupta, Rishi and Biswas

Real-life problems w.r.t.

database management

Modeling (functional dependency,
normalization etc.) for databases

Relational model

Implementation using relational algebra

and relational operators
\Y

RDBMS ( e.g. Oracle, Sybase, MySQL,
Hana)

Considering time dimension (Time start
and time end) — Tsand Tg, with

temporal Functional dependency and time
normalisation

Temporal data model

Implementation using temporal operators
and temporal algebra

Temporal databases

Considering Fuzzy data

Temporal dataModel (with fuzzy data)

Defining tffd and time normalisation

Fuzzy Temporal databases (capable of
handling fuzzy data)

Implementation using fuzzy operators and
temporal operators together

Fuzzy Temporal database Management
System

Fig. 1.Framework for modeling fuzziness through temporal databases.



Gupta, Rishi and Biswas 12

The scope of discussion in this proposed framework is
limited to only fuzziness (and excludes ambiguity). In
case of tuples with fuzzy components, the membership
function of the fuzzy subset is interpreted as a possibility
distribution. The membership function is a graphical
representation of the magnitude of participation of each
input. It associates a weight with each of the inputs that
are processed, define functional overlap between inputs,
and ultimately determines an output response. The rules
use the input membership values as weighting factors to
determine their influence on the fuzzy output sets of final
output conclusion. There are different membership
functions associated with each input and output response
[12]. Operation of a fuzzy system has 3 steps i.e
fuzzification, inference, and finally defuzzification.
Fuzzfication: We consider fuzzy numbers and applying
to them the concepts of fuzzy set theory. For each input
and output variable selected, we define two or more
membership functions(Fig.Il) and isillustrated as under:
If we take x like a variable and poor, acceptable and good
as triangular membership functions respectively (Fig. 1),
the mermbership function Poor is to be defined by three
points (x,,xs,x3), membership function. Acceptable is
defined by three points (x,,x3,x,) and membership
function. Good is defined by (x3, x4, x5) membership
function. Assuming that all the membership functions are
triangular,

Yy x, xq, Xp, X3y = max(min (x—x' ,xg—_x), U)

Xp—xq ¥3-%X2

bl . f x=x2 x4-x
YRR, x5, Xq, Xgy = max(mm (—2‘*—), 0)
X3—xp X4_X3

i . xX—-X3 Xg—X
Y, X3, Xy, X5y = MaX | min {———,——], O
X4-x3 X5-Xg

Any of the values will belong to at least one membership
function with a certain degree of membership.

H_ F 3

good

1 |- — — — —

¥

XyXy  XgXy W XgX

Fig. 2.Example of Membership Function (MF) for
given input.

Inference and Defuzzfication: In many situations, for a
system whose output is fuzzy, it is easier to take a crisp
decision if the output is represented as a single scalar
guantity. This conversion of a fuzzy set to single crisp
valueis caled defuzzification.

Once the functions are inferred, scaled, and combined,
they are defuzzified into a crisp output which drives the
system. There are many defuzzification methods e.g.
center of area method, center of maxima method and
mean of maxima method [12].

However, only ordinary fuzzy sets are being considered
and such sets being operated by standard fuzzy operations
(i.e. complement, t-norm and t-conorm operations) within
this proposed framework. Any Fuzzy model application
can be built up based on three phases mentioned above,
with reference to the database parameters considered.

All temporal databases and its applications need to
include the following aspects which are quite significant
for future work i.e. — tempora SQL and query
optimization, testing for consistency of databases and
distributed computing, heterogeneous databases and data
migration issues, improvements in data-mining through
grid computing and cloud computing. Exception handling
in temporal databases with fuzzy data (e.g. only vice
chancellor of the university has the discretion to over-rule
this condition of alowing to appear for exam, under
specia circumstances) will fall under the category of
complex issuesto be considered for future work.

V. CONCLUSION

In this paper, the constraints of relationa databases were
discussed and andlyzed both in terms of temporal
perspective and fuzzy aspects. Since the concept of
integrity constraintsis central to databases and to address
the critical issues of handling uncertainty using fuzzy
logic, it leads us to consider the need to propose the
framework for handling uncertainty through temporal
databases. Computing cost is quite high in temporal
databases which can be significantly reduced if
uncertainty is included using fuzzy logic within the
design of temporal database framework. Key constraints
and normalization in temporal databases need further
consideration. The framework for modeling fuzziness
through temporal databases will include defining
temporal fuzzy functional dependencies in temporal
databases which will help in consistent and valid database
schema design and to make useful applications in rea
world, keeping in view the advantage of latest storage
technologies and processing powers. Some of the
potential areas of application of this proposed framework
may be logistics sector like railways reservation system,
financial sector like stock market operations and e-
governance sector like citizen hedthcare system.
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The capability of fuzzy sets to express gradual transitions
from membership to non-membership and vice-versa has
a broad utility, especially when it is considered in
temporal databases. The role of evidence theory in
general and fuzzy set theory in particular may be quite
useful in modeling of such highly complex systems with
human like thinking.
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