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ABSTRACT:

In recent years, many emerging applications del @antinuously changing data obje¢SCDO), such as stock values, manned or
unmanned vehicles, pedestrians, and sensed stialubs. To support large-scale CCDO applications, requires an efficient data
management system that can store, update, andveetarge sets of CCDOs. Although actual CCDOs amaminuously change,
computer systems cannot deal with continuously woay infinitesimal changes. Thus, in the data nggmaent system, each
object’s spatiotemporal values are always assatiatth a certain degree of uncertainty at evennpai time, and the queries are
mostly processed over estimates characterizingutteertainty. Unfortunately, the related technigémsstoring, updating, and
retrieving CCDOs have been developed on an ad heis,band there is a marked lack of formal expbcabf the ontological
concepts of the uncertainty of CCDOs. In additimost related techniques are designed to suppoytlowtdimensional CCDOs,
such as vehicles and persons moving in 2- or 3uimeal space. This paper presents our ontolofi@alework and logical and
mathematical bases for capturing and managing CGB@idely varying dimensionality.

1. INTRODUCTION sets of CCDOs. Each CCDO has both multidimensional-

An increasing number of emerging applications dsih a

large number of continuously changing (or movingfadobjects
(CCDOs), such as vehicles, humans, animals, sensar®o-

robots, orbital objects, economic indicators, terapo
geographic objects, and bank portfolios (or asseE)r

example, in earth science applications, temperawirel speed
and direction, radio or microwave image, and vaiather

measures (e.g., CO2) associated with a certain rgpbig

region can change continuously. Several modelsadéives and
handheld devices equipped with a GPS are alreaaijable to

consumers. Accordingly, new services and applioatidealing
with large sets of CCDOs are appearing.

temporal (i.e.., 2 or 3D geographic space or othfarmation
dimensions that vary with time) properties représen its
continuous trajectory in an information space-tiomatinuum
as well as non-temporal properties such as ideatifin, phone
number, and address (step functions of time). Quoiiveal
database and GIS technology can efficiently marnihgenon-
temporal properties of CCDOs. Though such systemes a
capable of managing temporal data, the approadhiresqgthat
the temporal dimension be highly discretized. €fae,
important and interesting research issues arisgecklto the
development of a generic CCDO model, the data nemagt
systems for storing and updating CCDO trajectoraes] the
mechanisms to process queries referring to thagetories.

Many types of emerging CCDOs, ranging from combinedimportantly, although CCDOs can continuously move o

sensor data streams associated with networked rsepsems
through multispectral imagery representing multifiee slices
of a given geographic region, exist in a high-disienal space.
Typical earth science applications that considenperature,
wind speed and direction and various other meas(ees,
CO2) associated with a given sensor station argesulo
continuous change. In the future, more complex kmder
applications that deal with higher dimensional CGD@.g., a
moving sensor platform capturing multiple stimwli)l become

commonplace — increasingly complex sensor devicés w

continue proliferate alongside potential applicasiassociated
therewith. Efficient support for these CCDO appiicas will
offer significant benefit in many broader challemyiareas
including satellite image analysis, sensor netwohameland
security, internet security, environmental contrahd disease
surveillance.

To support large-scale CCDO applications, one regua data
management system that can store, update, andvestidrge

* Corresponding author.

change, computer systems cannot deal with contsiyou
occurring infinitesimal changes — this would effeely require
infinite computational speed and sensor resolutidius, each
object's combined attribute values (states) spanmmultiple
dimensions — location as the lowest order derieaiiv the
spatiotemporal context, and velocity and accelenatis higher
order derivatives — can only be discretely updatéehce, the
location of an object in space-time is always ais¢éed with a
degree of uncertainty at every point in time. Therent and
future locations of each object is estimated (waapolation),
and the past locations of an object are represebteda
sequence of connected segments, each of which jwins
consecutive reported locations (states) using &erpolative
estimation method. In turn, each segment is assatiwith a
corresponding degree of uncertainty that encloiegoasible
unknown locations of the object for that segment.

Unfortunately, the related techniques for storimggating, and
retrieving CCDOs have been developed on an ad asis,band



there is a marked lack of formal explication of thaological 3. THE CCDO CONCEPT

concepts of the uncertainty of (low to high) mutiénsional

CCDOs. Hence, developing a CCDO application sysbkym Before presenting our uncertainty model (i.e., tbesceles-
simply adopting the known techniques may resulvamous  triangle model for CCDOs), we explicate “CCDO” thgh a
anomalies, data redundancy, data inconsistencyijresiicient series of ontological abstractions. This represantenceptual
query systems. This paper presents our frameworkapturing CCDO model. To be practical, this model is alscsprged as a
and managing the uncertainty of low- to high-dinienal  generic ER (Entity-Relationship) diagram that can rbadily
CCDOs using geographic spatiotemporal objects as thimplemented and created in a relational or objefgtional
exemplar. Section 2 summarizes related techniguésrmdels.  database management system.

Section 3 presents our ontological basis charaatgriCCDOs,

and Section 4 presents a novel new uncertainty hvatled the ~ The formalization of the CCDO concept begins withe t
Isosceles-Triangle Uncertainty Model (ITUM) capabté  development of the ontology of a generic CCDO. The

supporting CCDOs of varying dimension. ontological construct characterizing the CCDO dffeertain
advantages compared to the existing and ongoinghead
2. RELATED WORK approaches: (1) the ontology enables us to betidenstand the

very nature of various CCDOs and defines the ptessib
Several application-specific models of uncertaihgve been application domain of the developed framework; @ables us
proposed. One popular uncertainty model is thapgtpointin  to easily expand or select a subset of the framewor
time, the location of the object is within a cemtdistanced, of  systematically support the concepts required bivangCCDO
its last reported location. If the object movesHar thand, it application (e.g., for geographic spatiotemporaécts) without
reports its new location and possibly changes tlstamce anomalies.
thresholdd for future updates (Wolfson et al., 1999). Given a
point in time, the uncertainty is a circle with nagld, bounding  For purposes of this effort, we consider “ontolodgdm the
all possible locations of the object. perspective as described in (Guarino, 1998) asspecific

vocabulary used to describe a certain reality, muset of
Another model assumes that the object always mal@sg  explicit assumptions regarding intended meaning tioé
straight lines (linear routes). The location of tigect at any vocabulary words.” In the context of the developmeh the
point in time is within a certain interval, centgrat its last ontology of CCDOs, the “certain reality” is that abject
reported location, along the line of movement (Woif et al., moving through a multidimensional information spéioee
1999). Different CCDO trajectory models that have n continuum can be abstracted as a point. The “akplic
uncertainty consideration are found in the literat(Pfoser and assumptions” relate to the manner in which theowsrifactors,
Jensen, 2001). These models make sure that thevelacity is  such as a discrete update policy used, the chasiitte of the
always known by requiring updates at the data memagt reported properties, and the maximum velocity atictvh
system whenever the object’s speed or directiongds Other information is subject to change in any given disien, are
models assume that the object travels with knowlocity used to modify or adjust the corresponding unaetyai
along a straight line, but can deviate from thithgay a certain  associated with the object.
distance (Sistla et al., 1998; Trajcevski et @02).

Reconsidering the geographic spatiotemporal obgstthe
An important study on the issues of uncertainthie recorded exemplar, a CCDO trajectory is a sequence of cdedec
past trajectories (history) of CCDOs is found ifoger and segments in space-time, and each segment has wypwiets
Jensen, 1999). Assuming the maximum velocity oblject is  that are consecutively reported (factual) stateshef CCDO.
known, they prove that all possible locations oé tbbject Figure 1 shows a generic CCDO schema that can suppo
during the time interval between two consecutivearations ontological concepts explicated in Table 1. Theesth in
(states) lie on an error ellipse. A complete trimjgc of any  Figure 1 is an ER (Entity-Relationship) diagramt ttepresents
object is obtained by using linear interpolationween two an instanced object in a generic CCDO database.
adjacent samples. That is, a trajectory is appratech by a
sequence of connected straight lines each of wdaanects two Continuously Changing Data Object (CCDO):
consecutively reported CCDO observations. By usirgerror A CCDO consists of one or mom&jectoriesand zero, one
ellipse, the authors demonstrate how to proces®rtaioty or more non-temporal properties.
range queries for trajectories. Unfortunately, #reor ellipse Trajectory:
defined and proved in (Pfoser and Jensen, 1999) fact, the A trajectory consists oflynamicsand f:time - snapshat
projection of the three-dimensional uncertaintyisagonto the wheretimeis a past, current, or future point in time.
two-dimensional data space and is thus unsuitaiehigher Snapshot:
dimensional data. While it is conceivable that hyplépsoids A snapshot is a probability distribution that regmets the
may be suitable for higher dimensional data, thatdtion of probability of every possiblstateat a specific point in time|
the linear interpolation between foci of the elépemains. Depending on thedynamics and update policies, th
probability distribution may or may not be bounded.
Our approach, a mechanism that explicitly leverages State:
understanding and characterization of uncertainty & A state is a point in a multidimensional informatispace of
generalized case of the CCDO, offers an alteratimestruct which time is one dimension. Optional propertiesadftate
suitable for higher dimensional data. We call thigertainty are velocity (i.e., direction and speed of charigegalues,
model thesosceles-triangle uncertainty moderum). the T derivative), acceleration (i.e., changes in the cf
change, the™ derivative), and higher derivatives.
Dynamics:
The dynamics of a trajectory is the lower and ugprinds
of the properties (i.e., multidimensional locatiaithin an
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other side, which is perpendicular to the time ah&s a length
of 2xMx(tj-t;)) att; (resp. t;).

information space, velocity, acceleration,
derivatives) of all states of the trajectory.
Table 1. A basic ontological abstraction of a CCDO.

and hig

Examination of the basic ontology and the commeaatsuER t|‘r:1e
diagram, one may observe the following: (1) snafsshoe not
represented in the schema; (2) only a subset tdsstaalled
reported states, are included in the schema. Ttéseences
exist due to the fact that a database cannot b&ncously
updated. The reported states are the factual krstates of the
CCDOs, and these known factual states can be coeahtd the
database. All in-between states and future stdtdseoCCDOs
are then interpolated and extrapolated on the Yly ét al.,
2004). Because these “estimated” states are nat,esach of
them is associated with a degree of uncertaintgn@shot).
Note that, between two known factual states, ardimally
infinite number of possible states may exist.

f;
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Figure 2. An interpolated trajectony of a CCDO that can

possibly satisfy contained_by(q), whereq is a
logical query region overlapping the set of possibl
CCDO states.
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Similarly, when a CCDO continuously changes in &-tw
dimensional information space (e.g., geographicspa X, Y),
the uncertainty region of each trajectory segmemtnecting
three-dimensional spatiotemporal poidtsandB is represented
by the overlapping region of the two cones whostioes areA
and B, respectively (see Figure 3). Analogous to thedstes
triangle in a single dimension information spa@ghecone is a
right circular cone with height &t;, and the radius of the base
of each corn iMx(t-t;). The slant of each cone is represented
by a parametric function (Yu et al., 2004). NotattlwhenM is
not known, the uncertainty region is bounded onijy the
boundaries of the information space

Trajectories
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Figure 1. An ER diagram representing a generic CGBOD- a
bolded ellipse represents a set of attributes).

Given the theoretic possibility of an infinite nuembof states
between two factual states, a mathematical modal an
computational approach is required to efficientlpmage the
“in-between” and future states snapshots. Our ambrdo this
process discussed in Section 4.

4, THEITUM

Consider an object moving through one dimensiorspdce
(e.g., X or Y) and time. This object has a starfiogition and a
finishing position that are known spatiotempordles. Figure
2 shows our view of a trajectory segment connedtirgknown
(reported) states of a CCDO. Lkt be the maximum rate of
change in one dimension (i.e., the norm of the marn  In keeping with the intended generic nature of @@DO, the
possible velocity) of a CCDOA be the known state (value) of following theorem and proof offer a logical basis &xtending
this CCDO att;, andB be the state at timte Then all possible the ITUM approach to higher dimensional data.

states of the CCDO betwegnandt; are bounded by the lines

where | cotd | = M. The shaded region covers all possibleTheorem 1. Given the norm of the maximum possible velocity

Data Space

Figure 3. The trajectory segment created by trersetting data
spaces.

locations (i.e., more generically, states) of tleDO betweern;
and t. We call this region the uhcertainty regioh of the
trajectory segment. Thenapshotof the CCDO att, that is

M and twod-dimensional temporally varying points (reported
state)P, andP,, whereP,.time <P,.time, the uncertainty region
betweenP,.time andP,.time is the overlapping region Gbong

betweent; andt; is the cross section of the uncertainty region
produced by the cutting linttme = t,. Note that the uncertainty
region in Figure 2 is the overlapping region of tigosceles
triangles — the equal sides meet at verhefesp.,B) and the

In most database applications, indexed data vahres
normalized to a range of floating-point hnumbersaleein O
and 1 by an order-preserving domain transformation.



and Cone, whereCong (resp.,Cone) is a hyper-cone defined
as follows: (1) the top i®; (resp.,P,); (2) the base is a{1)-
dimensional hyper-circle that is perpendicular t@ ttime
dimension atP,.time (resp.Pi.time); (3) the projection of the
top onto the base hyper-circle is the center oftihde; (4) any
surface point along the linear line connecting tbp and a
boundary point of the base circle can be interpadldy a linear
parametric functiorP(t)=ag+a;t. One can derive the coefficients
of this polynomial by solving the following consimgs for ag
and a;: P(t=0) = the top;P(t=P,.time-P;.time) = the boundary
point

Proof.

=> Suppose that there is a possible deatieat is in the exterior
of Cong. Then to travel fronP; to P, the required velocity
must exceedM. However M is given as the norm of the
maximum possible velocity. By contradictiof, cannot be
exterior toCong.

<= Suppose that there is a possible deatieat is in the exterior
of Cone. Then to travel fronP to P,, the required velocity
must exceedM. However M is given as the norm of the
maximum possible velocity. By contradictiof, cannot be
exterior toCone o

A snapshot contains an infinite number of possdtéges when
the data space is a continuum. The next problemateahould
solve is “what isthe most likely state at a given tin® This
question is especially important when the uncetyaregions
are bounded only by the boundaries of the dataesfpac,M =
). In this case, given any query point, or regiaha certain
pointt in time, every CCDO has a non-zero probabilityt tha
intersects the query point or regiontaexcept for the CCDOs
that have an exact statetafTherefore, most query results will

the number of required joint (reported) states. €tal., 2004)

also showed that the added computation overhead
insignificant considering the added benefits of timodel. The
uncertainty region and snapshots of the futureettajy of a

CCDO can be computed in a similar manner (e.gextgnding

the uncertainty boundaries & in Figure 2 in the opposite
direction along the time dimension). However, eating the

most likely future trajectory is more challengingdarequires

additional considerations (Yu et al., 2004).

If not only velocity P’ but also acceleratioR” (the second
derivative of the real trajectory at the joint) aensed, we can
use a ¥ degree polynomiaP(t) = agtast+at>+ast>+at+agt’.
Given two joint points 8, P’, P;"> and ¥, P’, P;" >, one
can derive the coefficients of the polynomial byvswg the
following constraints foly, a;, a,, as, a4, andas: P(t=0) = P;
P(t=P,.T-P..T) = P}; P’(t=0) =P;; P’(t=P.T-P,.T) = P;’; P" (t=0)
= P”; P"(t=P.T-P.T)=P,”. By generalizing this, we can
connect two joint points using the following gered

parametric function:
2n+l

P(t) =D at".

where n is the number of derivatives written in each joint
record.

1)

Observe that the'Bdegree trajectory curve (i.e=1) generates
visually smooth curve segments (i.e., the locat@ranges
smoothly) but, in each segment, the acceleratioangbs
linearly. The ¥ degree polynomial (i.en=2) generates a curve
segment in which location, velocity, and acceleratchange
smoothly. This generalized trajectory model, thatpmopose in
this paper, enables us to actually investigate nupétion

include_allCCDOs. Retrieving all CCDOs for each query is notsolutions that, given a proper description of a @C8et, can

feasible considering large CCDO sets.

The simplest approach is the conventional lineadehdhat
connects two consecutively reported states usistgagght line.
In this model, the most likely in-between statesneen two
reported states are represented by the straightclimnecting
the reported states. However, (Yu et al., 2004yides a series
of better methods that can significantly reduce #reors
associated with the most likely states. In (Yulgt2004), the
most likely trajectory of a CCDO is a spline (Cathand Rom,
1974) composed of a sequence of first or higheredegurves
(e.g., parametric cubic function) The conventional linear
model is a special case of this. When tffedggree method in
(Yu et al.,, 2004) is used, each state contains oy a
spatiotemporal location but also a velocity (idirection and
speed), which can be used to derive the slopeeofahgent at
the location. Since each reported state is uségegsint of two
adjacent trajectory segments, each pair of adjacemve
segments have the same slope (and speed) of thentask the
joint (no visible angle). (Yu et al., 2004) repattthat this
degree trajectory representation produced smatlerse(up to 3
times smaller) and standard error deviations (upb ttimes
smaller) compared to the linear interpolation sohéon ground
vehicle trajectories. That is, given a fixed maximdeviation,
this 3% degree trajectory representation can significaretiuce

" A single high-degree curve is not desirable bezanfsthe
following reasons: (1) the polynomial may take véayge
values between the points, and the size of thesergrns
can grow exponentially with the degree N of theypomial;
(2) the polynomial can be very sensitive to smhinges in
the points.

choose the most efficient equation (i®., For example, unlike
fast changing objects, some slowly changing objdetg.,
animals and humans) can change velocity more digrupt

Processing a query with uncertainty means that essiiit data
item is associated with the probability (or likeldd) that the

item really satisfies the query predicate. In Fgu, the

trajectory can possibly intersect the query regjdrecause the
snapshot (cross section of the uncertainty regiuet)represents
all possible states at the timegpbverlaps the range of

In Figure 2, the dotted straight line connectiAgand B
represents the most likely trajectory calculated the
conventional linear model; the curve representsntbet likely
trajectory produced by a higher order trajectorydeio As
shown in Figure 4a, when the linear model is uieel peak of
the probability of possible states is close to ¢ketre of the
snapshot, resembling a bounded normal distribuBatausey
reaches the peak point, the probability that theeestate that is
covered by the ranggis near 50%. In contrast, a more precise
higher order computation model (the curve in Figirehows a
more skewed distribution of possible states (Figlisg since
the most likely trajectory curve passes through l#fehand
side of the snapshot centre. Thus, in Figure 4 ptiobability
that this trajectory satisfies the query conditisrmuch lower
than 50%.

Following Azzalini (Azzalini and Valle, 1996) andhe
associated R project skew-normal package (R Dewetop
Core Team, 2004), two parametefs(multivariate correlation
matrix) anda (multivariate shape parameter vector) - more fully
explicated in (Azzalini and Capitanio, 1999) - dam used to



control the shape and association of a skewed-iaanaom
distribution. The shape and association parametkosv for
parametric control of representative positional baitaility
associated with higher derivatives such as veloatyd
acceleration. In turn, the threshold determiningethlr any
given portion of an uncertainty region satisfiequery can be
parametrically managed.

(a) (b)
Figure 4. Probability distributions associated witfueries
uncertainty regions.

One can observe that, as discussed earlier irsduison, when
M is not known, the snapshot covers from the lowpeint to
the high-endpoint of the data space, and the pilityab
becomes different.

In order to support the CCDO queries limiting theéimum

probability that the result object satisfies thegupredicate or
the maximum number of result objects, the most nige
proposed related query processing algorithm (Chenal.,

2004) can be used.

5. CONCLUSION

More and more database applications deal with laegs of
multidimensional objects that can continuously dwan(or
move) over time. Most related techniques are desigfor
managing low-dimensional, physically moving objects
However, in recent years, an increasing numbeppfieations
require an efficient data management system thatope well
with high-dimensional CCDOs (continuously changidgta
objects).

In this paper, we proposed a practical frameworknfanaging
(low to high) multidimensional CCDOs. The propose@DO
concept is practical in that the generic schema lmareasily
specialized and readily created in a transactiatethbase
environment. In addition, the novel ITUM (Isoscelagangle
Uncertainty Model) and the trajectory computatiogtiods can
support not only conventional CCDOs that move inoR-3-
dimensional
dimensional CCDOs, such as combined sensor streamis
satellite data. Importantly, we demonstrate thévdéves such
as acceleration and velocity that are typicallyoasged with
objects moving through geographic space are equelwant
when examining the general
multidimensional continuously changing data object.

In many applications, the environment through whachobject
is moving is likely to affect the set of probablec#tions
associated therewith. In our future work, we wilvéstigate an
efficient approach to modelling (low to high) mdithensional
uncertainty wherein environmental objects are ipoaated.
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geographic space but also emerging - high

case of a more generic



