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Abstract.  This paper preserts a framework for building and contin u-
ously maintaining spatio-temp oral histograms (ST-Histograms, for short).
ST-Histograms are usedfor selectivity estimation of contin uous pip elined
query operators. Unlik e traditional histograms that examine and/or sam-
ple all incoming data tuples, ST-Histograms are built by monitoring the
actual selectivities of the outstanding contin uous queries. ST-Histograms
have three main features: (1) The ST-Histograms are built with (almost)

no overhead to the system. We use only feedbad (i.e., the actual selec-
tivit y) from the existing continuous queries. (2) Rather than wasting
system resourcesin maintaining accurate histograms for the whole spa-
tial space, we only maintain accurate histograms for that part of the
space that is relevant to the current existing queries. The rest of the
spacehas lessaccurate histograms. (3) The ST-Histograms are equipped
with a periodicity detection procedurethat predicts the future execution
of the contin uous queries. Hence, the query processingengine can con-
tinuously adapt the contin uous query pipeline to re ect this prediction.

Exp erimental results basedon a real implementation inside a data stream
managemen system show a superior performance of ST-Histograms in
terms of providing accurate operator selectivity estimations with no ex-
tra overhead.

1 Intro duction

The rapid increasein spatio-temporal applications calls for new query processing
and query optimization techniquesto deal with both the spatial and temporal
domains. Examples of these applications include location-aware services[34],
trac monitoring [37], and enhanced911 service [1]. These applications have
two main characteristics: (1) A highly dynamic environment where data from
mobile objects (e.g., moving vehiclesin road networks) are received contin uously.
(2) Queriesin these spatio-temporal applications are mostly continuous (e.g.,
monitoring queries). Continuous queries require cortinuous evaluation as the
query areaand/or the data are contin uously moving.

Most of the previous work on continuous spatio-temporal queries (e.g.,
see[19,22,25{27,42,44,47,48]) focus on developing out-of-the-box algorithms
(i.e., algorithms built on top of databasemanagemen systems(DBMSs)). Hav-
ing out-of-the-box algorithms bypasscompletely the role of the query optimizer
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in DBMSs, thus sewerely limiting the query performance. Recerly, within the
PLA CE sener (Pervasive Location-Aware Computing Environments) [35], more
attention is given to embed the functionality of cortinuous query processing
into existing databaseand data stream query engines.The main idea is to fur-
nish existing query processorswith a set of spatio-temporal operators that can
be combined with traditional operators to support e cien t execution of a wide
variety of continuous spatio-temporal queries. Our previous work in PLACE
widens the scope of researd in continuous spatio-temporal queriesto include
system-orierted support for cortin uous spatio-temporal queries(e.g., query op-
timization, adaptive query processing,and query scalability [35]).

In this paper, we focuson query optimization for contin uous spatio-temporal
queries.In particular, we are concernedwith two main functionalities for opti-
mizing the execution of cortin uous spatio-temporal queries: (1) Building a new
optimal query plan for each newly submitted cortinuous query, and (2) Contin-
uously monitoring the performance of contin uous queriesto make sure that the
original optimal query plan maintains its optimalit y. Once the query optimizer
discoversthat the original query plan becomesuboptimal, the query optimizer
tunes the suboptimal plan to another optimal one. To support thesefunctionali-
ties, we proposeto build and continuously maintain spatio-temporal histograms
(ST-Histograms, for short). Instead of monitoring the whole spatial spaceasin
traditional histograms, ST-Histograms are query-drivenwherethey monitor only
the spatial spacethat is covered by at least one outstanding contin uous spatio-
temporal query. ST-histograms contin uously maintain spatio-temporal seletivity
estimations that are usedby the query optimizer to decide on the optimality of
various candidate query execution plans.

The proposed ST-Histograms start by an initial estimate of the spatio-
temporal selectivity of the underlying spatial space.The accuracy of the initial
estimation is cortin uously enhancedbased on monitoring the execution of the
contin uous outstanding spatio-temporal queries. One of the attractiv e features
of an ST-Histogram is that its accuracy (and hencethe e ciency of the query
execution) increaseswith the increasein the number of outstanding contin uous
queries. Moreover, the ST-Histogram consults somedata mining techniques for
periodicity detection (e.g.,[13]) to provide better spatio-temporal selestivity with
lessoverhead.All the algorithms and ideasin this paper areimplemented aspart
of the PLA CE project [4,35] currently being developed at Purdue University.

1.1 Motiv ation

Spatio-temporal databasesprovide the ideal infrastructure for keepingtrack of
and answering cortin uous querieson moving objects. To nd an execution plan
for a continuous query, the query optimizer needsto know (estimates of) the
selectivity of any rangethat a query covers.

The distribution of the moving objects changewith time. For instance, many
cars go to downtown from 9am to 5pm leaving the suburbs with fewer cars.
At night, most of the cars park, and hencederegisterfrom the database.Con-
sequettly the number of the carsin the databaseis less.Obviously, building a
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histogram onceand usingit for along period is not enough.We needto maintain
a spatio-temporal histogram and to re ect the changein the objects distribution
on the histogram.

Not only the density of the moving objects changewith time, but alsothere
is somekind of periodicity in their behavior (as time repeats itself). For exam-
ple, many peopletravel on weelends, yielding more trac on the highways on
Friday and Sunday eveningsthan on other week-eenings. Also, lots of trac
and congestionoccur during the rush hour everyday. By detecting such patterns
in the distribution of the moving objects, we believe that we can enhancethe
selectivity estimation.

We illustrate the importance of having an ST-Histogram by the following
example.Considerthe query Q in Figure 1that returns the ID of any truck whose
location is inside an area A. The INSIDE query operator is proposedin [33] to
ched whether or not a moving object is in a certain range. Initially , at time t1,
the query optimizer nds that the selectivity of the INSIDE operator is lessthan
the selectivity of the WHERE clause (Figure 2(a)). Thus the query optimizer
picks up the query execution plan in Figure 2(b) to be usedto answer the query.
At time t,, many vehiclesenter the areaA and this increaseshe selectivity of the
INSIDE operator, and mearwhile the number of trucks decreasegFigure 2(c)).
Using an ST-Histogram, the query optimizer is able to recognizethat the current
plan is suboptimal. The query optimizer calls for changing the current execution
plan to the plan in Figure 2(d). Notice that query re-optimization is a non-trivial
process,especially that the spaceof the possibleexecution plans is large.

1.2 Challenges and Paper Outline

The main challengesfor ST-Histograms are the following:

{ The large number of the moving objects, which is a computing challengeand
a scalability challenge.

{ Keepingthe overheadof maintaining the ST-Histograms low and not to hurt
the execution of the continuous queries.

{ Having an accurate selectivity estimation with the frequert changein the
data distribution over the time.

The rest of this paper is organized as follows. Section 2 highlights some of
the related work in the areasof maintaining histograms and contin uous queries.
The architecture of our spatio-temporal histogram is givenin Section3. The role
of the query executor is shown in Section 4. Section 5 intro ducesthe histogram
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Fig. 2. Moving vehicles (T = truck, O = other) on the spatial spaceand the corre-
sponding query execution plan.

manager and the theory behind constructing and re ning ST-Histograms. We
discusssomequery optimization issuesin Section6. In Section7, we demonstrate
by experiments the accuracyof ST-Histograms. Finally, Section 8 concludesthe
paper.

2 Related Work

Traditional histograms have been used extensively as a meansfor selectivity
estimation in relational databaseqe.g.,[10,11,15,17,18,24,28,29,31,32,36,38{
41]). Currently, state-of-the-art histogramsare query-driven(e.g.[2,21,23]). The
main idea is to usea feedbak from the query execution engineto estimate the
data distribution. Thus, the cost of building the histograms is reduced where
histograms are built during the regular processof query execution.

With the emergenceof spatial applications, seeral approachesare proposed
for the selectivity estimation of spatial operations (e.qg., [3,5{7, 14,30,43,46]).
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Theseapproadesdeal with the selectivity estimation in various data structures,
e.g., selectivity estimation for quad trees[5], selectivity estimation for R-tree [6],
and selectivity estimation for point data [8].

Recerly, many researt e orts focus on developing spatio-temporal his-
tograms for various spatio-temporal operations. Spatio-temporal histograms are
rst proposedto provide selectivity estimation for predictive spatio-temporal
queries[12]. The main focus is on one-dimensionalmoving objects. The selec-
tivit y estimation of multi-dimensional objects is computed by multiplying the
selectivity estimations of ead single dimension. Similar idea in the context of
predictiv e spatio-temporal queriesis intro ducedin [48]. However, the main focus
is on multi-dimensional moving rectangles Other work on selectivity estimation
of spatio-temporal queriesrelies on duality transformation [20], the existenceof
a secondaryindex structure [20], or clustering approaches[50]. The state-of-the-
art approach for spatio-temporal selectivity estimation is Venn sampling [49].
Venn sampling is a sampling technique that is not basedon histograms where it
aims to reducethe number of samplesneededfor perfect estimation. The main
idea is allow eadh moving object to be aware of a set of some pivot queries
Moving objects update their locations and speedonly when they start/cease to
satisfy pivot queries.

3 Arc hitecture

Figure 3 gives the big picture. Spatio-temporal queries are submitted to the
query optimizer to generateadequatequery executionplans. The query optimizer
(e.g., System R [45] and Volcano [16]) picks the best execution plan basedon
the total cost. ST-Histograms provide the query optimizer with the selectivity
estimates usedin calculating the total cost. During the execution of a spatio-
temporal query, feedbads are sert to the histogram manager. These feedbaks



are typically the actual query selectivity; i.e., the fraction of the input data that
is part of the query answer.

The histogram manager usesthese feedbads to re ne the selectivity esti-
mates online. The online re nement servesboth the new incoming queriesand
the outstanding cortin uous queries.New incoming queries nd a more accurate
histogram, whereasthe execution plan of outstanding cortinuous queries may
be changedadaptively when the environment changes.

The ST-Histograms proposedin this paper consult an online periodicity min-
ing technique (Section 6.1) to seeif a periodic pattern appearsin the selectivity
of any region. Whenewer such periodicity is detected, ST-Histograms takeit into
accourt to get more accurate selectivity estimates.

4 Query Executor

The spatial spaceis mapped with an NxN grid. When a moving object registers
with a grid cell, the moving object sendsperiodic updates about its location.
Hence, ead grid cell is only aware of the objects inside it. Also, when a query
registerswith the system,the grid cellsthat overlap with the query are noti ed.
Only when a changein the moving objects happensin thosegrid cells,the thread
that executesthis query is noti ed. In other words, ead grid cell is aware of only
the objects that are inside it and the queriesthat overlaps with it.

The query executor usesthe plan provided by the optimizer to executethe
query on the input data (Figure 3). Each INSIDE operator keepstrack of the
ratio of the number of its output tuples to the number of its input tuples. In
PLACE [35], this ratio is part of the logic of the INSIDE operator. Thus this
doesnot invoke substartial overheadon the executor. Periodically, suc ratio is
reported to the histogram manageras the selectivity of the INSIDE operator.

5 Histogram Manager

For streaming applications, we cannot a ord storing the incoming data. The
continuous query model doesnot allow for scanningthe whole data in order to
build the histogram. In fact, an ST-Histogram is built and re ned progressiely.
We usefeedbak from the query result to update the spatio-temporal histogram
online. Periodically, eat operator reports the actual selectivity of its monitored
range. These statistics are inherently computed in the operators. They do not
imposeadditional overheadon the query executor.

De nition 1. Dark cell: is a grid cell correspnding to a region with which no
query overlaps.

De nition 2. Lit cell: is a grid cell correspnding to a region with which one
or more queriesoverlap.



Initially , the whole spaceis assumedto be dark, where darknessrepreserts
the unawarenessof the selectivity. Queriesact as spots of light. They light up
a region with their feedbadk about the region's selectivity. We distribute this
selectivity uniformly over the lit region. For the remaining dark regions, we
consult the online periodicity mining technique (Section 6.1). If a region exhibits
somekind of periodicity, its current selectivity can be estimated according to
such periodicity. In other words, the periodic behavior of a region shadesthis
region with little light when the corresponding grid cell is currently dark. The
regionsthat neither fall inside the query regionsnor exhibit any periodicity will
stay dark. The selectivities of the remaining dark regionsare estimated such that
they complemen the selectivities of those lit and shadedregions. This estimate
is uniformly distributed over the ST-Histogram buckets that correspond to the
dark regions.

The ST-Histogram is represenied by a two-dimensionalarray. Each elemen
of the array holds the selectivity of the corresponding histogram cell. We assume
that a variable holds the total number of moving objects in the database.

5.1 Constructing the histogram

The ST-Histogram is grid-based of size NxN grid cells. The grid divides the
universe uniformly into a number of disjoint cells. We denote the current view
of the ST-Histogram with H, where H]r; c] is the selectivity estimate of the
grid cell dr; c]. Starting with all grid cellsbeing dark, the selectivity estimate of
ead bucket is initialized uniformly accordingto Equation 1. With the successie
feedbads from the operators, better selectivity estimatesare obtained due to a
clearerview of the coveragearea.

H[r;c]:N—l2 forall r;c2 f1;2;:::;Ng (2)

A query q is represerted by a rectilinear rectangular region R. Let Fq4(r; c)
be a scalar function that returns the fraction of the grid cell Gr;c] that is
covered by Rqy. Hence, the selectivity estimate of a query q is calculated as
in Equation 2. Similarly, let F4ark (i; j) be the dark fraction of G[r; c]. Thus the
selectivity estimate of the whole dark areais calculated asin Equation 3.

SelEst(q) = HIi; jIFqG; ) ¥
i=1 j=1

PN
SelEst(dark ) = Hi; j1Fda (05]) 3)
i=1 j=1
5.2 Rening the histogram

When the histogram manager receives feedbak from the query engine, it up-
datesthe histogram to re ect the newly reported statistics. Queriesact as light



Re neHistogram (H;q; S)
Di =S SelEst(q);
ifDi >0
Di = min(Di ;SelEst(dark ));
AddDi ( H;qg;Di );
AddDi ( H;dark ; Di );

AddDi  (H;q;Di )
fori=1:N
forj = 1:N
H(;j) = H[; j1+ Rq(i;j) Di

Fig. 4. Procedure for re ning the ST-Histogram

spots; they eliminate the darknessfrom a histogram region. The intensity of the
light spot a query o ers to a histogram region is proportional to the fraction
of the histogram region illuminated by the query. When queriesoverlap, many
light spots are directed on the overlapped histogram region. The more the light
intensity of a histogram region, the better accuracy of the re nement of the
selectivity estimate of this histogram region.

De nition 3. The normalized rate of a query g for a grid cell Gr; c] is de ned
asthe ratio between the selectivity estimation of the part of g that overlapsQ[r; c]
and the selectivity estimation of g. We denote this normalized rate by R 4(r; c).

Fq(r;0H[r;c]
Rq(r;c) = Py—P"
A = P N M
Fq(r;0HI[r; d

- Se,IEst(q), &

p—pali9 When SelEst(q) = 0 (5)

P
i=1 J =1 q(' J)

Rq(r;©)

The actual selectivity that a query reports is assumedto be distributed uni-
formly on the query range. Figure 4 givesthe procedureto re ne the histogram
when a feedbak from the query enginereports the actual selectivity S of a query
o]

First, the grid cells overlapped by g will have their valueschangedaccording
to the di erence of S and the current selectivity estimate of q. Typically, this dif-
ferenceis distributed accordingto the normalized rate of g for ead of thesegrid
cells. Next, all the grid cells that have darkaorthps will be modi ed similarly
to conform with the unity invarianceof H ( ;Z; i=1 H[i; j] = 1). Hence,the
selectivity estimation of the dark portions is the upper bound for the di erence
when the di erence is positive.

Example. We illustrate the histogram re nement by the example given in
Figure 5(a). In this example, we have six continuous queries mapped to a 5x5
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Fig. 5. Example of six contin uous queries with an initial histogram

grid buckets. Each of these queriesreturns the vehiclesof type "T ruck" in its
covering region (Figure 1). Q2 is overlapped by Q1; Q3, and Q4. Q6 is contained
in Q5. Each grid bucket starts with a selectivity estimate of 4% (Figure 5(b)).
Considerwhenthe histogram managerreceivesfeedbad from the query executor
that Q; reports its selectivity as 10%.

The selectivity estimate of Q; is 6% accordingto Equation 2. The di erence
10-6= 4% s distributed amongthose grid cells overlapped by Q;. Considerthe
upper left grid cell Cy . The normalized rate of Q; for Cy 's is 0.25*0.04/0.06 =
0.1667.Thus H[1;1] = 0.04+ 0.1667*0.04= 0.0467= 4.67%.We still needto
modify the histogram in order to reach the unity invariance. The increase(or
decrease)of the selectivity estimate in a lit region should be accompaniedwith
the decrease(or increase)of the selectivity estimate in the dark region. So, we
decreasethe selectivity estimate of the dark regions uniformly as much as the
increasein the lit regions(4%). For instance,the lower-right bucket, C , consists
of 1/13.25 of the dark area. The current normalized rate of the dark region for
Cyr is 0.0755.The new value for H[5; 5] will be 0.04 - 0.0755*0.04= 0.0370=
3.70%. Figure 6(a) givesthe histogram after re nement. The upper-left bucket
has also a dark portion that results in decreasingH|[1; 1].

Figures 6(b) and 6(f) give the successie updatesto the histogram due to the
subsequeh feedbads that the histogram managerreceivesasfollows: Q, reports
20%, Q3 reports 15%, Q4 reports 10%, Qs reports 10%, and Qg reports 3%.

As a validity ched, note that after re ning the histogram, we just get a
better selectivity estimate for the query. The new estimate is not the sameas
S. Also, better selectivity estimates are obtained for the dark regions. With
the successionof the feedbadks that report (almost) the same selectivity, the
estimate for the query corvergesto the feedbad.
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6 Query Optimization Issues

Inspired by the fact that time repeatsitself, we useonline periodicity detection to
detect periodic patterns in the distribution of the moving objects over the time.
This helpsin enhancingthe selectivity estimation in ST-Histograms. In fact, this
is an instance of where data mining can t ewvenly in query optimization.

6.1 Online Perio dicit y Mining

Periodicity mining is de ned as the processof discovering frequert periodic
patterns in an attempt towards predicting the future behavior in time series
data [13]. In our context, a time seriesfor ead region in the spaceis formed
by collecting the selectivity valuesover time, whether they are exact valuescol-
lected from the queries,or estimatescomputed by the previous technique. If the
selectivity values are quantized into nominal levels, and ead level (e.g., high,
medium, low) is denoted by a symbol (e.g., & b, ¢), then the time seriescan be
considereda sequenceover a nite alphabet = fa;b;c; g.

Periodically, the histogram managertries to seeif any periodic pattern exists
in any cell of the histogram. We use the periodicity mining technique in [13].
When we detect a periodic pattern in a dark cell of the grid, we no longer
compute its selectivity estimate as being uniformly distributed on all the dark
regions. Indeed, we call suc cell \a shadedcell". Shadedcells are treated as if
there is a query that coversthe whole cell. Such query reports the selectivity of
the cell accordingto the periodic pattern of its selectivity.

Note that the periodicity behavior of a regionis consideredonly if this region
doesnot fall inside any query. In other words, the intense of the periodicity light
is too little to a ect the total light intensity of an already lighted region, yet is
enoughto shadea dark region.

6.2 Dynamic Query Optimization

The equipmert of the DBMS with ST-Histograms enablesthe existenceof an
adaptive query processor.With the online update of the ST-Histograms, we are
ableto detectwhenthe currently executedquery plan is suboptimal. In this case,
a need to re-optimize ag is raised and the optimizer is reinvoked to compute a
new optimal query execution plan to cortinue with. Hence,the already existing
queriestune their pipeline for the current workload. Moreover, the new queries
get benet of the enhanced selectivity estimations (versus having one static
histogram).

7 Exp erimental Results

We perform experimerts to illustrate the e ciency of predicting the selectivity
estimation using ST-Histograms. We usethe Network-based Generator of Mov-
ing Objects [9] to generatea set of moving objects. The input to the generatoris



Fig. 7. Road network map of the Greater Lafayette Area City

the road map of the Greater Lafayette Area (Home of Purdue University) given
in Figure 7. The output of the generatoris a set of moving points that move on
the road network of the given city. Moving objects can be cars, cyclists, pedes-
trians, etc. We generate 5K moving objects and up to 80 cortinuous queries
over 10x10 grid. Each moving object or query reports its new information (if

changed) every 10 seconds.

7.1 Eect of Query Size on The Prediction

We measurethe accuracy of the selectivity estimation of the existing queriesby
monitoring the relative error in estimating their selectivities. Let S; and E; be
the actual and estimated selectivity of the ith query (1 i M), respectively,
where M is the number of the queries. Equation 6 givesthe relative error of
estimating the selectivities of the existing queries.

Y
_F1i¥ s E o2

M Si

(6)

Figures 8(a) and 8(b) give the performance of estimating the selectivity of
the existing queries. measureshow accuratethe prediction of the selectivity of
the existing queries. From this experiment, we notice that smaller queriessu er
from lessaccuracy than moderate to larger queries. When the queriesare too
small, many moving objects enter and exit the query rangewith high frequency
The high frequencyof moving in and out the query rangeresultsin larger relative
error. For a query of size 0.25% of the whole area, the averagerelative error is
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Fig. 8. Performance of estimating the selectivity of the existing queries.

91.1%whereasfor a query size of 0.5%the averagerelative error is 67.4%. This
error is due to the existenceof big dark portions in the grid cells corresponding
to the queries. The smaller the dark portion, the lessthe relative error.

Moderate sized queriesdo not su er from the fast moving objects. For mod-
erate sized queries (1% of the whole range), the histogram manageris able to
estimate the selectivity of the existing querieswith an averagerelative error of
8.5%. The larger the query sizethe more accuratethe estimation. Queriesof size
4% give a relative error of 3.1%.

7.2 Coverage and The Prediction

A new query may come to the system in any area, whether lit or dark. We
measurethe accuracy of the prediction processfor the selectivity of the new
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Fig. 9. Performance of estimating the selectivity of the new arriving queries

queries using the accuracy of the whole ST-Histogram. Equation 7 gives the
averageof the ratio betweenthe estimated and the actual selectivities of all the
histogram buckets, where S; is the actual selectivity of the grid cell Gfi; j ].

R Hi
Sij

1
=3 (7
N i=1 j=1

The selectivity estimate of existing queries is calculated by consulting lit
buckets in the ST-Histogram. However, to get a selectivity estimate for a new
arriving queries, dark buckets in the ST-Histogram may be consulted, yielding
to higher relative error. Figure 9 givesthe performance of estimating the selec-
tivit y of a bucket in an ST-Histogram (averagedover all buckets). measures
how accuratethe selectivity estimatesof any new arriving query. The histogram
manageris able to estimate the current selectivity for any new query with an
averageerror of 39% when the coverageare is 20%. In this experimert, the value
of the error is due to a large number of grid cellstotally dark (about 80% of the
grid cells). The selectivity estimate of the dark region is uniformly distributed
amongthose dark grid cells. The more spreadthe queriesare on the space,the
lessnumber of completedark cells, the lessthe relative error. When the coverage
is 40%, the error is 31%. For coverageof 60%, the error is 25%, whereasthe error
is 11% for 80% coverage.



8 Conclusion

In this paper, we exploredthe usageof spatio-temporal histogramsfor selectivity
estimation of spatio-temporal operators. We presernied a generalframework for
building and continuously maintaining spatio-temporal histograms. The main
idea of our proposed spatio-temporal histograms is to use a continuous feed-
back from the outstanding continuous queries to maintain a spatio-temporal
histogram for only those parts of the spatial spacethat are of interest to at
least one outstanding cortin uous query. Parts of the spatial spacethat are not
of interest to any of the outstanding queriesdo not participate in maintaining
the spatio-temporal histograms, thus the overhead of contin uously maintaining
our spatio-temporal histograms is reduced. Our proposed spatio-temporal his-
tograms utilize periodicity detection techniques to discover temporal periodic
patterns. Discovering temporal patterns provides pre-computation of the opti-
mal query plan over the courseof execution of contin uous queries.Experimental
results shav that our spatio-temporal histograms provide only 8.5% error for
the existing queries of size 1%. An averageerror of 25% for new querieswhen
the existing query coverageis 60%.
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