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Abstract

The tremendous increase of cellular phones,
GPS-like devices,and RFIDs results in highly
dynamic environments where objects as well
as queries are continuously moving. In this
paper, we presert a cortin uous query proces-
sor designed speci cally for highly dynamic
ervironments (e.g., location-aware environ-
ments). We implemented the proposed con-
tinuous query processorinside the PLACE
sener (Pervasive Location-Aware Comput-
ing Environments); a scalablelocation-aware
database serer currently deweloped at Pur-
due University. The PLACE sener extends
data streaming managemenm systemsto sup-
port location-aware ervironments. Such envi-
ronments are characterized by the wide vari-
ety of contin uous spatio-temporal queriesand
the unbounded spatio-temporal streams. The
proposed cortinuous query processormainly
includes: (1) Developing new incremental
spatio-temporal operators to support a wide
variety of contin uous spatio-temporal queries,
(2) Extending the semartic of sliding window
gueriesto deal with spatial sliding windows as
well astemporal sliding windows, and (3) Pro-
viding a sharedexecution framework for scal-
able execution of a set of concurrert con-
tinuous spatio-temporal queries. Preliminary
experimental ewvaluation shows the promising
performance of the cortinuous query proces-
sor of the PLACE senwer.
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1 Intro duction

The wide spread of cellular phones, handheld de-
vices, and GPS-like technology enablesenvironments
where virtually all objects are aware of their loca-
tions. Sud ernvironments call for new query pro-
cessingechniquesto e cien tly support location-aware
serners. Unlike traditional databaseserwers, location-
aware serers have the following distinguished char-
acteristics: (1) Data are received from moving and
stationary objects in the form of unbounded spatio-
temporal streams, (2) Large number of continuous
stationary and moving spatio-temporal queries, and
(3) Any delay of the query responseresults in an ob-
solete answer. Consider a query that asksabout the
moving objects that lie in a certain region. If the query
answer is delayed, the answer may be outdated where
objects are cortin uously changing their locations.

Existing techniquesfor handling cortin uous spatio-
temporal queriesin location-aware environments (e.g.,
see[3, 16, 18, 31, 34, 36, 39, 40) focus on devel-
oping speci ¢ high level algorithms that utilize tra-
ditional database seners. In this paper, we go be-
yond the idea of high level algorithms, instead, we
presert a cortinuous query processorthat aims to
modify the database engine to support a wide vari-
ety of corntinuous spatio-temporal queries. Our con-
tinuous query processoris implemented inside the
PLACE (Pervasive Location-Aware Computing En-
vironments) sener; currently developed at Purdue
University [2, 24]. The PLACE sener extends both
the PREDATOR relational databasemanagemer sys-
tem [30] and the NILE streaming database manage-
ment system[15] to support e cien t cortinuousquery
processingof spatio-temporal streams. In particular,
the continuous query processorof the PLACE server
has the following distinguishing characteristics:

1. Incremen tal evaluation. The PLACE con-
tinuous query processor employs an incremen-
tal ewvaluation paradigm by cortinuously updat-
ing the query answer. We distinguish between
two types of updates; namely positive and neg-
ative updates [23]. A positive/negative update



indicates that a certain object needsto be added
to/remo ved from the query answer.

2. Spatio-temp oral operators. The PLACE con-
tinuous query processoremploys a new set of
spatio-temporal incremertal operators (e.g., IN-
SIDE and kNN operators) that support incre-
mental evaluation of a wide variety of contin uous
spatio-temporal queries.

3. Predicate-based Sliding Windo ws: We ex-
tend the notion of sliding windows beyond time-
basedand tuple-count windows to accommalate
for predicate-basedwindows (e.g., an object ex-
pires from the window when it appears again in
the stream).

4. Scalabilit y. We usea shared execution paradigm
as a means of achieving scalability in terms of
the number of outstanding continuous spatio-
temporal queries.

The rest of the paper is organized as follows: Sec-
tion 2 highlights the challengeswe faced in building
the continuous query processorof the PLACE serer
along with the related work of ead challenge. In Sec-
tion 3, we presert an overview of the data model and
SQL languageused by the PLACE sener. Section 4
preseris di erent methods of expiring incoming tuples
in the PLACE sener. The incremental processingof
cortinuous queriesis discussedin Section5. Section 6
discussesthe shared execution of concurrent cortin-
uous queries. The graphical user interface (GUI) of
the PLACE senwer is presened in Section7. Section8
intro ducespreliminary experimental results from the
PLACE serwer. Finally, Section9 concludesthe paper.

2 Challenges and Related Work

In this section, we go through someof the challenges
we faced while building the continuous query proces-
sor of the PLACE location-aware serer. With ead
challenge, we presen its related work.
2.1 Challenge I: Incremen tal Evaluation of
Contin uous Queries

Most of spatio-temporal queriesare continuousin na-
ture. Unlik e snapshotqueriesthat are evaluated only
once,contin uous queriesrequire cortin uous evaluation
as the query result becomesinvalid with the change
of information [37]. A naive way to handle continu-
ous queriesis to abstract the cortinuous query into
a seriesof snapshotqueriesexecutedat regular inter-
val times. Existing algorithms for contin uous spatio-
temporal queries aim to optimize the time interval
between eath two instances of the snapshot queries.
Mainly, three dierent approades are investigated:
(1) The validity of the results [39, 40]. With ead
guery answer, the serwer returns a valid time [40] or

a valid region [39] of the answer. Once the valid time
is expired or the client goes out of the valid region,
the client resubmits the cortinuous query for reewal-
uation. (2) Caching the results. The main idea is to
cache the previous result either in the client side [31]
or in the sener side [18]. Previously caced results
are used to prune the seard for the new results of
k-nearest-neigtbor queries[31] and range queries[18].
(3) Precomputing the result [18, 34]. If the trajectory
of query movemert is known apriori, then by using
computational geometry for stationary objects [34] or
velocity information for moving objects [18], we can
identify which objects will be nearest-neigtbors [34]
to or within a range [18] from the query trajectory.
If the trajectory information changes,then the query
needsto be reewaluated.

With the large number of continuous queries,
reevaluating a cortin uous spatio-temporal query, even
with largetime intervals, posesa redundarnt processing
for the location-aware serers. In the PLA CE contin u-
ous query processor,we go beyond the idea of ree\alu-
ating cortin ues spatio-temporal queries. Instead, we
provide an incremertal ewaluation paradigm, where
only the updates of the result are reported to the user.

2.2 Challenge 11: Wide Variety of Contin uous
Queries

Most of the existing query processingtechniquesfocus
on solving special casesof contin uous spatio-temporal
queries, e.g.,[31, 34, 39, 4(] are valid only for moving
gueries on stationary objects, [5, 9, 11, 25| are valid
only for stationary rangequeries Other work focuson
aggregatequeries[11, 32, 33] or k-NN queries[16, 31].
Trying to support such wide variety of continuous
spatio-temporal queriesin a location-aware serer re-
sults in implemerting a variety of speci c algorithms
with di erent accessstructures.

In the PLA CE continuousquery processorwe avoid
using tailored algorithms for ead kind of continu-
ous spatio-temporal queries. Instead, we furnish the
PLACE serwer with a set of primitiv e pipelined query
operators that can support a wide spectrum of cortin-
uous spatio-temporal queries.

2.3 Challenge 111: Large Num ber of Concur-
rent Contin uous Queries

Most of the existing spatio-temporal algorithms fo-
cus on ewaluating only one spatio-temporal query
(e.g., [3, 16, 18, 31, 34, 36, 39, 40). In a typi-
cal location-aware sener [2, 21, 24, there is a huge
number of concurrently outstanding contin uousspatio-
temporal queries. Handling eat query as an individ-
ual entity dramatically degradesthe performance of
the location-aware sener.

Although there is a lot of researd in sharing the
execution of corntin uous web queries(e.g., see[8]) and



cortin uous streaming queries(e.g., see[6, 7, 14]), opti-
mization techniquesfor evaluating a set of cortin uous
spatio-temporal queriesare recertly addressedor cen-
tralized [25] and distributed ervironments [5, 9]. The
main idea of [5, 9] is to ship part of the query pro-
cessingdown to the moving objects, while the server
mainly acts as a mediator among moving objects. In
certralized environments, the Q-index [25] is preseried
as an R-tree-like [10] index structure to index the
queries instead of objects. However, the Q-index is
limited in two aspects: (1) It performs reewaluation of
all the queries(through the R-tree index) every T time
units. (2) It is applicable only for stationary queries.
Moving querieswould spoil the Q-index and hencedra-
matically degradeits performance.

2.4 Challenge IV: Ob-
jects/Queries

Indexing Mo ving

Most of the existing spatio-temporal index struc-
tures [22] aim to modify the traditional R-tree [10] to
support the highly dynamic environments of location-
aware seners. In particular, two main approaces
are investigated: (1) Indexing the future trajectories
such that the existing tree would last longer before
an update is needed. Examples of this category are
the TPR-tree [29], REXP-tree [2§], and the TPR*-
tree [35]). (2) Modifying the deletion and insertion
algorithms for the original R-tree to support frequert
updates. Examples of this category include the Lazy-
update R-tree [17] and the Frequertly-up dated R-
tree [19]

Even with the proposedmodi cations of the R-tree
structures, highly dynamic environments degradesthe
performance of the R-tree and results in a bad per-
formance. In the PLACE continuous query proces-
sor, we avoid using R-tree-like structure. Instead,
we use a grid-lik e index structure [23] that is sim-
ple to update and retrieve. Moreover, xed grids are
space-degndert, thusthere is no needto contin uously
changethe index structure with the cortinuousinser-
tion and deletion.

3 The PLA CE Server

In this section,we presert the data modelling and SQL
languageusedby the PLACE sener.

3.1 Data Mo del

By subscribing with the PLACE serer, moving ob-
jects are required to send their location updates pe-
riodically to the PLACE serwer. A location update
from the client (moving object) to the serner has the
format (Ol D; x; y), where Ol D is the object identi er,

(x;y) is the location of the moving object in the two-
dimensional space. An update is timestamped upon
its arrival at the serner side. Once an object stops
moving (e.g., an object reachesto its destination or

the cellular phoneis shut down) it sendsto the sener
a disappear messagenhich indicates that the object is
no further moving.

Due to the highly dynamic nature of location-aware
ervironments and the in nite size of incoming spatio-
temporal streams, we cannot store all incoming data.
Thus, the PLA CE sener employs a three-level storage
hierarchy. First, a subsetof the incoming data streams
is stored in in-memory bu ers. In-memory bu ers are
assaiated with the outstanding cortin uous queriesat
the serer. Each query determines which tuples are
neededto be in its bu er and when these tuples are
expired, i.e., deleted from the bu er. Second,we keep
an in-disk storagethat keepstrack with only oneread-
ing of eadh moving object and query. Since,we cannot
update the disk storage every time we receive an up-
date from moving objects, we samplethe input data by
chosing every kth readingto ush to disk. Moreover,
we cade the readings of moving objects/queries and
ush them onceto the secondarystorageevery T time
units. Data on the secondarystorage are indexed us-
ing a simple grid structure [23]. Third, every T chiv e
time units, we take a snapshotof the in-disk database
and ush it to a repository server. The repository
sener acts as a multi-v ersion structure of the moving
objects that supports historical queries. Stationary
objects (e.g., gas stations, hospitals, restaurants) are
preloadedto the system as relational tables that are
infrequently updated.

3.2 Extended SQL Syntax

As the PLACE sener [24] extends both PREDA-

TOR [30] and NILE [15], we extend the SQL language
provided by both systemsto support spatio-temporal
operators. Mainly, we add the INSIDE and kNN

operators to support cortinuous range queriesand k-
nearest-neighbor queries respectively. A continuous
query is registered at the PLACE serwer using the
SQL:

REGISTERQUERYuery_.name AS
SELECTEelet_clause
FRONrom_clause
WHEREherre_clause

INSIDE inside_clause
kNNknn_clause
WINDOWIndow_clause

The REGISTERQUERtatemert registers the con-
tinuous query at the PLACE serwer with the
guery.name as its identier. The selet_clause
from_clause and where_clause are inherited from the
PREDATOR [3(] database managemem statemert.
The window_clause is inherited from the NILE [15]
stream query processorto support cortinuous slid-
ing window queries [14]. A cortinuous query is
dropped form the systemusing the SQL: DRORQUERY
query_name.




The inside_clause can represent stationary rectan-
gular or circular range queries by specifying the two
corners or the certer and radius of the query region,
respectively. If the rst parameterto the inside_clause
is setto M, then the query is moving and the second
parameter represerns the ID of the focal object of the
query. Similarly, the knn_clausecan represert station-
ary aswell as moving k-nearest-neigtbor queries.

4 Tuple Expiration

With the unbounded incoming spatio-temporal
streams, it becomesinfeasible to store all incoming
tuples. However, someinput tuples may be bu ered
in memory for a limited time. The choice of the stored
tuples are mainly query dependert, i.e., we store only
the tuples of interest. Sincethe queriesare continu-
ously changing, there should be a mechanismto expire
(delete) some of the stored tuples and replace them
with other tuples that becomesmore relevant to the
outstanding continuous spatio-temporal queries. In
the PLACE continuous query processor,we emplay
three typesof tuple expiration, namely, temporal expi-
ration, spatial expiration, and predicate-basal expira-
tion.

4.1 Temporal Expiration

Most of the data stream managemen systemsusethe
conceptof temporal expiration asa mechanism to an-
swer cortinuous sliding window queries. A sliding
widow query involves a time window w. Any object
that has a timestamp within the current sliding win-
dow of any outstanding query Q is in-memory bu ered
with the assaiated bu er of Q.

An example for a sliding window query submitted
to the PLACE sener is: Qi: "Continuously, report
the number of cars that passel by region R in the last
hour".

SELECT OUNDDbjectID)
FROM/ovingObjects
WHERSype = Car
INSIDER
WINDOWhour

Notice that Qi bu ers all incoming tuples during
the previous hour. A tuple is expired (i.e., deleted
from the query bu er) onceit goesout of the sliding
time window (i.e., if it becomesmore than one hour
old).

4.2 Spatial Expiration

The PLACE serwer introducesa new type of expira-
tion that dependson the spatial location of the moving
objects instead of their timestamps. An incoming tu-
ple ois stored in the in-memory bu er assaiated with
a query Q only if o satis es the spatial window (e.g.,
region) of Q.

An example of spatial expiration query is: Qg:
"Continuously, report the number of cars in a certain
area.". Notice that unlike Qq, in Q,, we are concerned
about the actual current number of cars not the num-
ber of cars in the recert history. The SQL of Q> is
similar to that of Q; with only the removal of the win-
dow statemert.

4.3 Predicate-based Expiration

Due to the nature of spatio-temporal streams, other
forms of tuple expiration may arise. For example,con-
sider the query Qs: "For each moving object, contin-
uously report the elapse time between each two con-
secutive readings”. Sud a query contains a self join
where objects from the stream of moving objects are
self joined basedon the object identier. The query
bu er needsto maintain only the latest reading of each
moving object. Once the reading of a certain object
is reported, the previous reading is expired. We call
such kind of expiration as predicate-basel where it is
mainly dependert on the query sematriic.

5 Incremen tal Evaluation

To avoid reewaluating cortinuous spatio-temporal
queries, we employ an incremental evaluation
paradigm in the PLACE cortin uous query processor.
The main idea s to only report the changesof the an-
swer from the last evaluation time. By employing in-
cremental evaluation, the PLA CE serwer achievesthe
following goals: (1) Fast query evaluation, since we
compute only the updates of the answer not the whole
answer. (2) In a typical location-aware server, query
results are sert to the usersvia satellite servers[1, 12].
Thus, limiting the amount of transmitted data to the
updatesonly rather than the whole query answer saves
in network bandwidth. (3) When encapsulatingincre-
mental algorithms into physical pipelined query oper-
ators, limiting the tuples that go through the whole
guery pipeline to only the updates reducesthe ow
in the pipeline. Thus, ecient query processingis
achieved.

To realize the incremertal evaluation processingin
the PLACE sener, we go through three main steps.
First, we de ne the high level concept of incremen-
tal updates, by de ning two types of updates; posi-
tive and negative updates [20, 23]. Second,we encap-
sulate the processingof incremertal algorithms into
pipelined query operators. Third, we modify tradi-
tional pipelined query operators (e.g., distinct and
join) to deal with the concept of negative tuples [13].

5.1 Positiv e/Negativ e Up dates

Incremental evaluation is achieved through updating
the previous query answer. Mainly, we distinguish be-
tweentwo typesof updates; positive updates and neg-
ative updates. A positive/negative update indicates
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Figure 1: Incremertal evaluation of range queries

that a certain object needsto be added to/removed
from the query answer. A query answer is represerted
in the form (QI D;OList), where QI D is the query
identi er and OList is the query answer. The PLACE
sener cortin uously updatesthe query answer with up-
dates of the form (QID; ;OID) where indicates
the type of the update and OI D is the object identi-
er.

Figure 1 givesan example of applying the concept
of positive/negative updates on a set of continuous
range queries. The snapshotof the databaseat time
To is given in Figure la with nine moving objects,
p: to pg, and v e continuous range queries, Q; to
Qs. The answer of the queries at time Ty is repre-
serted as(Q1; Ps), (Q2; P1), (Qs; Ps; P7), (Qa; P3; Pa),
and (Qs; Pg). At time T; (Figure 1b), only the ob-
jects p1; p2; p3, and p4 and the queriesQ1; Q3, and Qs
changetheir locations. As aresult, the PLACE server

reports the following updates: (Qq; Ps), (Qsz; Ps),
(Qs;+Psg), and (Qa;  pa).
5.2 Spatio-temp oral Incremen tal Pip elined

Op erators

Two alternativ e approadescan be utilized in imple-
menting spatio-temporal algorithms inside the PLA CE
sener: using SQL table functions [26] or encapsulat-
ing the algorithms in physical query operators. Since
there is no straightforward method for pushing query
predicatesinto table functions [27], the performances
is limited and the approach doesnot give enough ex-

ibilit y in optimizing the issuedqueries. In the PLACE
sener we encapsulateour algorithms inside physical
pipelined query operators that can be part of a query
execution plan. By having pipelined query operators,
we achieve three goals: (1) Spatio-temporal operators
can be combined with other operators (e.qg., distinct,

aggregate, and join operators) to support incremen-
tal evaluation for a wide variety of contin uous spatio-
temporal queries. (2) Pushing spatio-temporal oper-
ators deep in the query execution plan reducesthe
number of tuples in the query pipeline. This reduction
comesfrom the fact that spatio-temporal operators act
as lters to the above operators. (3) Flexibilit y in the
query optimizer where multiple candidate execution
plans can be produced.

The main idea of spatio-temporal operators is to
keep track of the recertly reported answer of eadh
query Q in a query buer termed Q:Answer. Then,
for eadh newly incoming tuple P, we perform two tests:
Testl: Is P part of the previously reported Q:Answer?
Test II: DoesP qualify to be part of the current an-
swer? Basedon the results of the two tests, we distin-
guish among four cases:

Case I: P ispart of Q:Answer and P still qualify
to be part of the current answer. As we process
only the updatesof the previously reported result,
P will not be processed.

Case | I: P ispart of Q:Answer, however, P does
not qualify to be part of the answer anymore. In
this case,we report a negative update P to the
above query operator. The negative update indi-
catesthat P is spatially expired from the answer.

Case I11: P is not part of Q:Answer, however,
P qualies to be part of the current answer. In
this case,we report a positive update to the above
query operator.

Case IV: P is not part of Q:Answer and P still
doesnot qualify to be part of the current answer.
In this case,P hasno e ect on Q.

5.3 Traditional

Having the spatio-temporal operators at the bottom or
at the middle of the query evaluation pipeline requires
that all the above operators be equipped with special
handling of negative tuples. The NILE query proces-
sor [15] handlesnegative tuples in pipelined operators
as follows:

Op erators

Seletion and Join operators handle negative tu-
plesin the sameway as positive tuples. The only
di erence is that the output will bein the form of
a negative tuple.

Aggregates update their aggregate functions by
consideringthe received negative tuple.

The Distinct operator reports a negative tuple at
the output only if the corresponding positive tuple
is in the recertly reported result.

For more details about handling the negative tu-
plesin various query operators, the reader is referred
to [13].

6 Scalabilit y

The PLACE continuous query processorexploits a
shared execution paradigm [21, 23, 38] as a meansfor
achieving scalability in terms of the number of concur-
rently executing cortin uous spatio-temporal queries.
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Figure 3: Snapshotof the PLACE client and serer

Q f Q
Select ID Where Select ID Where
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(a) Local query plan for two range queries

(b) A global shared plan for two range queries
Figure 2: Sharedexecution of continuous queries.

The main ideais to group similar queriesin a query ta-
ble. Then, the evaluation of a setof contin uousqueries
is modelled as a spatial join between moving objects
and moving queries. Similar ideas of shared execu-
tion have beenexploited in the NiagaraCQ [8] for web
queriesand PSoup [6, 7] for streaming queries.

Figure 2a givesthe execution plans of two simple
cortin uous spatio-temporal queries,Q;: "Find the ob-
jects inside region R1", and Q2: "Find the objects in-
side region R,". With shared exeution, we have the
execution plan of Figure 2b. Shared execution for a
collection of spatio-temporal range queriescan be ex-
pressedin the PLACE sener by issuing the following
cortinuous query:

SELECT.ID, O.ID
FROMueryTable Q, ObjectTable O
WHERG.location inside Q.region

7 User interface in PLA CE

Figure 3 givessnapshotsofthe client and sener graph-
ical user interface (GUI) of PLACE. The client GUI
simulates a client end device used by the users. Users
can choosethe type of query from a list of available
query types. The spatial region of the query can be
determined using the map of the areaof interest! (the
bold plotted rectangle on the map). By pressingthe
submit button, the client translatesthe query into SQL
languageand transmits it to the PLA CE sener. Once
the query is submitted to the server, the result appears
to the query as a list at the bottom of Figure 3a. A
client can send multiple queries of dierent typesto
the PLACE senwr.

The PLACE sener GUI is for the purposeof admin-
istration at the server side. The main idea is to keep
track of the concurrertly executing contin uous queries
from ead type. All the processedqueriesalong with
their parameters are displayed in the bottom left of
the screen. In addition, the server GUI cortains a re-
gional map showing the movemert of objects, and the
parameters of the selectedqueries.

8 Performance Evaluation

In this section, we presert preliminary experiments
that show the promising performance of the continu-
ous query processorin the PLACE serwer. We usethe

1The map in Figure 3 is for the Greater Lafayette, IN, USA.
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Network-tasal Generator of Moving Objects [4] to gen-
erate a set of 100K moving objects and 100K moving
gueries. The output of the generatoris a set of moving
objects that move on the road network of a given city.
We choose some points randomly and consider them
as certers of squarerange queries.

8.1 Size of Incremen tal Answ er

Figure 4 comparesbetweenthe sizeof the incremental

answer returned by utilizing the incremenrtal approach
and the size of the complete answer. The location-
aware serner bu ers the received updates from moving
objects and queries and evaluates them ewery 5 sec-
onds. Figure 4a givesthe e ect of the number of mov-
ing objects that reported a change of location within

the last 5 seconds. The size of the complete answer
is constart and is orders of magnitude of the size of
the worst-caseincremertal answer. In Figure 4b, the
query side length variesfrom 0.01to 0.02. The sizeof
the complete answer increasesdramatically to up to
sewentimes that of the incremertal result. The saving
in the answer sizedirectly a ects the communication
cost from the sener to the clients.

8.2 Pip elined Spatio-temp oral Op erators

Consider the query Q:\Continuously report all trucks
that are within MyArea". MyArea can be either a sta-
tionary or moving rangequery. A high level implemen-
tation of this query hasonly a selectionoperator that
selectsonly the \trucks" . Then, a high level algorithm
implementation would take the selection output and
incrementally produce the query result. However, an
encapsulation of INSIDE algorithm into a physical
operator allows for more exible plans.

Figure 5 comparesthe high level implemenrtation
of the above query with pipelined operators for both
stationary and moving queries. The selectivity of the
gueriesvaries from 2% to 64%. The selectivity of the
selection operator is 5%. Our measureof comparison
is the number of tuples that gothrough the query eval-
uation pipeline. When algorithms are implemented at
the application level, the performanceis not a ected

Query side length (x0.01)

(b) Query size

16 18 2 2 4 8 16 32 64
Query Selectivity

(@ INSIDE Operator

Figure 5: Pipelined operators.

by the selectivity. However, when | N SI DE is pushed
before the seletion, it acts as a lter for the query
evaluation pipeline, thus, limiting the tuples through
the pipeline to only the incremenrtal updates. With
I N SIDE selectivity lessthan 32%, pushingI| NSIDE
beforethe selectiongreatly a ects the performance.

9 Conclusion

In this paper, we presert the cortin uous query proces-
sor of the PLACE (Pervasive Location-Aware Com-
puting Environments) server; a database sener for
location-aware ernvironments currently deweloped at
Purdue University. The PLACE sener extends both

the PREDATOR database managemen system and
the NILE stream query processorto deal with un-
bounded spatio-temporal streams. In addition to the
temporal tuple expiration de ned in sliding window
gueries, we maintain other forms of tuple expirations
(e.g., spatial expiration). To e cien tly handle large
number of contin uousqueries,we employ an incremen-
tal evaluation paradigm that cortains: (1) De ning

the concept of positive and negative updates, (2) En-
capsulating the algorithms for incremertal processing
into pipelined spatio-temporal operators, and (3) Mod-
ifying traditional query operators (e.g., distinct and
join) to deal with the negative updates that comes
from the spatio-temporal operators. Sharedexecution
is employed by the cortinuous query processoras a
meansof achieving scalability in terms of the number
of concurrertly continuous queries. Preliminary ex-
perimental results show the promising performance of
the PLA CE cortin uous query processor.
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