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ABSTRACT

Modern database applications including computer-aided design,
multimedia information systems, medical imaging, molecular
biology, or geographical information systems impose new
requirements on the effective and efficient management of spatial
data. Particular problems arise from the need of high resolutions
for large spatial objects and from the design goal to use genera
purpose database management systems in order to guarantee
industrial-strength. In the past two decades, various stand-alone
spatial index structures have been proposed but their integration
into fully-fledged database systems is problematic. Most of these
approaches are based on the decomposition of spatial objects
leading to replicating index structures. In contrast to common
black-and-white decompositions which suffer from the lack of
intermediate solutions, we introduce gray intervals which are
stored in a spatial index. Additionaly, we store the exact
information of these gray intervals in a compressed way. These
gray intervals are created by using a cost-based decompositioning
algorithm which takes the access probability and the
decompression cost of them into account. Furthermore, we exploit
statistical information of the database objectsto find a cost-optimal
decomposition of the query objects. The experimental evaluation
on the SEQUOIA benchmark test points out that our new concept
outperforms the Relational Interval Tree by more than one order of
magnitude with respect to overall query response time.

Categories and Subject Descriptors

H.2.8 [Database applications]: Scientific databases - Spatial
databases and GIS.

General Terms

Management, Performance.

Keywords

Object Decomposition, Object-Relational Database, Spatial
Data M anagement.
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1. INTRODUCTION

The efficient management of rasterized geographical objects
has become an enabling technology for many novel database
applications. As a common and successful approach, spatial
objects can conservatively be approximated by a set of voxels,
i.e. cells of agrid covering the complete data space. By means
of space filling curves, each voxel (often called pixel in 2D)
can be encoded by a single integer and, thus, an extended
object is represented by a set of enumerated voxels. These
voxels can further be grouped together to intervals, which can
be organized by spatial index structures.

By expressing spatial region queries asintersections of these spatial
primitives, vital operations for two-dimensional GIS and environ-
mental information systems can be supported. For these applica-
tions suitable index structures, which guarantee efficient spatial
query processing, are indispensable.

For commercial use, aseamless and capableintegration of temporal
and spatial indexing into industrial-strength databases is essential.
Fortunately, alot of traditional database servers have evolved into
Object-Relational Database Management Systems (ORDBMYS).
This means that in addition to the efficient and secure management
of data ordered under the relational model, these systems now also
provide support for data organized under the object model. Object
types and other features, such as binary large objects (BLOBS), ex-
ternal procedures, extensible indexing, user-defined aggregate
functions and query optimization, can be used to build powerful,
reusabl e server-based components.

An important new requirement for large spatial objects is a high
approximation quality which is primarily influenced by the resolu-
tion of the grid covering the data space. A promising way to cope
with high resolution spatial data may be found somewhere in be-
tween replicating and non-replicating spatial index structures. Inthe
case of replicating access methods, e.g. the Relational Interval Tree
[15], the number of the simple spatia primitives used to approxi-
mate the objects can become very high, resulting in a storage and
query processing overhead. On the other hand, many of the non-
replicating access methods, e.g. R-trees [8], use simple spatia
primitives such as rectilinear hyper-rectangles for one-value ap-
proximations of extended objects. Although providing the minimal
storage compl exity, one-value approximations of spatially extended
objects often are far too coarse. In many GIS applications, objects
feature avery complex geometry. A non-replicating storage of such
data causes region queries to produce too many false hits that have
to be eliminated by subsequent filter steps. For such applications,
the accuracy can be improved by decomposing the objects.

1.1 Related Work

In this section, we will shortly discuss different aspects related
to an effective decompositioning of complex spatial objects for
efficient relational indexing. Often complex objects consist of
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many line segments. An approved way to describe these objectsis
to use rasterization.

Complex Spatial Objects. Gaede pointed out that the number of
voxels representing a spatially extended object exponentialy de-
pendson thegranularity of the grid approximation [6]. Furthermore,
theextensiveanalysisgivenin[17] and [5] showsthat the asymptot-
ic redundancy of an interval-based decompositionis proportional to
the surface of the approximated object. Thus, in the case of large
high-resol ution parts, the number of intervalscan become unreason-
ably high.

Relational Spatial Indexing. A wide variety of access methods for
spatially extended objects has been published so far. For a genera
overview on spatial index structures, we refer the reader to the sur-
veys of Manolopoulos, Theodoridis and Tsotras [18] or Gaede and
Gunther [7]. We use the Relational Interval Tree (RI-tree) in this
paper as starting point and comparison partner because it outper-
forms competing index structures by factors of up to 4.6 (Relationa
Quadtree [4]) and 58.3 (Relationa R-tree [22]) for spatial intersec-
tion queries[15].

1.2 Outline

Theremainder of this paper isorganized asfollows. In Section 2, we
suggest a pragmatic and effective cost-based decompositioning
method for rasterized objects into gray intervals, which can be
stored within aspatial index. In Section 3, we discussthe processing
of intersection queries on top of an ORDBMS. In Section 4, we
present convincing experimental results based on ageographica 2D
data set corresponding to the SEQUOIA 2000 benchmark [23]. We
resume our work in Section 5 and close with afew final remarks on
future work.

2. MANAGEMENT OF GRAY INTERVALS
IN AN ORDBMS

Interval sequences, representing high resolution spatialy
extended objects, often consist of very short intervals
connected by short gaps. Following [15], adjacent intervals can
be grouped together to longer gray intervals (cf. Figure 1b) in
order to improve storage behavior and query response time.

Definition 1 (gray object interval sequence)

Let id be an object identifier and W= {(I, u) O IN2, | < u} be
the domain of intervals which we call black intervals
throughout this paper. A black interval (I, u) contains all
integers x such that | < x < u. Furthermore, let by = (14, uy), ...,
bn = (I, uy) O W be a sequence of intervals with u; + 1 < i,
forali O{1, ..., n—1}. Moreover, let m< n and let ig, iy,
i, ..., im O IN such that 0 = ig< i <is < ...<ipn=n holds.
Then, we call Og,, = (id, ((b; +l,...,bi1> , <bi1+l,...,bi2>,
[ TINTPN o >>3 a gray object irterval® sequente of
carihality m."If m equals n, we denote O ray @S0 as a black
object interval sequence Oy, cc- Wecall each of thej =1, ..., m
groups (b; 1+1,...,bi) of Ogray @ gray interval lgqy . If ij.1+1
equals ij, we denote I, also as a black interval Tpaey.

Intuitively, agray interval isacovering of one or more disjoint and
nonadjacent black intervalswherethereisat least agap of oneinte-
ger between adjacent intervals, i.e. it bridges the gap between black
intervals. In the next definition, weintroduce afew useful operators
on gray intervals. In order to clarify these definitions, Figure 1c
demonstrates the values of these operators for a sample set of gray
intervals. For any gray interval Iga, = (I ,uy)...., (Is,ug)) we define
the following operators:
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i) Spatial object ii) Voxel set iii) Voxel linearization
decomposition into gray intervals|,
b)
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WeuseB (I gray. y) s an abbreviation for a byte sequence containing
the complete information of the black intervals which have been
grouped together to I g4y

The gray interval sequence lgray = (id, {I4, ..., I,y) isstored in a set
of mtuplesin an object-relational table Graylntervals (id, cnt, da-
ta). The primary key is formed by the object identifier id and a
unique number cnt for each gray interval. The black intervals of
each gray interval I gray=((l; ,.U),..., (I5,Us)) are mapped to the com-
plex attribute datawhlch cons stsof aggregated information, i.e. the
hull H (IQ,ra ) and a BLOB containing the complete mformatlon of
the black |ntervals In order to guarantee efficient query processing,
we apply spatial index structureson H (lg.5y) and store B (I,5,) ina
compressed way within aBLOB.

There aretwo different problemsrelated to the storage of gray inter-
val sequences: the compression problem and the grouping problem.

2.1 Compression

The detailed black interval sequence by, ..., bg of a gray interval
lgray = by, ..., by can be materialized and stored in a BLOB in
many different ways. A good materialization for 15, = (by, ..., by
should consider two aspects:

e As little as possible secondary storage should be
occupied.

e As little as possible time should be needed for the
(de)compression of the BLOB.

A good query response behavior is based on the fulfillment of both
aspects. The first rule guarantees that the 1/0 cost tB5C8 arerdlar
tively small whereasthe second rulersres[g)ons blefor low CPU cost
tBLOB. The overall time tB-0= tB50F + 2598 for the evalua-
tion of aBLOB iscomposed of both parts Unfortunately, thesetwo
requirements are not necessarily in accordance with each other. If
wecompress B (I¢4y), we can reduce the demand of secondary stor-
age and consequently t25°8 . The CPU cost tBLOB might rise be-
causewefirst haveto decompressthe databefore we can evaluateit.
On the other hand, if we store B (1g5,) Without compressing it,
tBEOB might become very high whereas tBLOB might be low.
Aswewill show in our experiments, it |svery important for agood
query response behavior to find awell-balanced way between these
two compression rules.

There exist many different data compression techniques. ZLIBisan
example for adictionary based packer [16], HSC is an implementa-
tion of an arithmetic coder [26]. For a detailed survey on lossless
and lossy compression techniques, we refer the reader to [21] and
[25].

2.2 Groupinginto Gray Intervals

High resolution spatial objects may consist of several hundreds of
thousands of black intervals (cf. Figure 1a). For each object, there
exist alot of different possibilities to decomposeit into approxima:
tions by grouping numerous black intervals together. The question
at issue is, which grouping is most suitable for efficient query pro-
cessing. A good grouping should take the following requirements
into consideration:

*  The number of gray intervals should be small.
e Thedead area of all gray intervals should be small.

e The gray intervals should alow an efficient
evaluation of the contained black intervals.

Thefirst rule guaranteesthat the number of index entriesissmall, as
the hulls of the gray intervals are stored in appropriate index struc-
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Figure 2. Query distribution functions P;(x,y).
a) Complex query distribution P4(x,y),
b) Simple query distribution Px(x,y)

tures, e.g. the RI-tree (cf. Figure 1d). The second rule guarantees
that many unnecessary candidatetests can be omitted, asthe number
and size of gaps included in the gray intervalsis small. Findly, the
third rule guarantees that a candidate test can be carried out effi-
ciently. A good query response behavior results from an optimum
trade-off between these grouping rules.

Our grouping algorithm takes the expected access cost of the gray
intervalsinto account. The expected cost cost(l ) related toagray
interval 14,5, depend on the average access probability of Iy, and
on the cost related to the evaluation of the exact byte sequence

B (Igray)-

2.2.1 Access Probability

Our grouping algorithm takes the expected access cost of the gray
intervalsinto account. The expected cost cost(l ) related to agray
interval |44, depend on the average access probability of Iy, and
on the cost related to the evaluation of the exact byte sequence
B(lgray)-

First, the access probability is computed by assuming that we know
the average query distribution. Then, the evaluation cost are intro-
duced which heavily depend on the used data compressor. Finally,
our cost-based grouping algorithm GroupObj isintroduced whichis
used for storing complex objectsin an ORDBMS.

Assumed Query Distribution. For many application areas, e.g. in
the field of GIS, the average query distribution can be predicted
very well. It isobviousthat queriesinquiring rather dense areas, e.g.
big cities like New York, occur much more frequently than for less
dense areas. Furthermore, often small selective queries are posted.

For determining a suitable query distribution function, we first
transform the potentral query intervals into the upper triangle

D" :={(x y) O[0,1] \x <y} of thetwo-dimensional hyper cuboid.
Aninterval Q =[x, y] therefore correspondsto the point (x, y) with
x <y . Examples are visualized in Figure 2. To each of these two-
dimensional points Q=(x,y) we assign a numerical value P(Q)
where 0 < P(Q) <1 holds. Asthe probability |sequal toonethat a
query is somewhere located in the upper triangle D*, the following
equation hasto hold:

.[.[ P(x,y)dxdy = 1

o
Figure 2 shows two different query distribution functions. For in-
stance, apotential query Q, isvery unlikely according to the depict-
ed query distribution of Figure 2a, and impossible according to the

query distribution of Figure 2b. On the other hand, query Q isvery
likely in both cases.
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Figure 3. Average access probabilities of gray intervals.
a) Intersection areafor agray interval | g=[ag,bg],
b) Intersection area for the decomposed gray intervalsl, and I,

Let us note, that we used the simple query distribution function of
Figure 2b throughout our experiments. In all considered application
areas the common query objects only comprise avery small portion
of the data space D*. Therefore, we introduce the parameter k*,
which restricts the extension of the possible query objects. For the
computation of the access probability we only consider query ob-
jectswhose extensions do not exceed k* [b* .

Access Probability. The access probability P(ly5,) related to a
gray interval |y, denotes the probability that an arbitrary query
interval has an intersection with the hull H(Igray). All possible query
intervals that intersect |y are visualized by the shaded area A(lg) in
Figure 3a. The area displays all intervals whose lower bounds are
smaller or equal to b and whose upper bounds are larger or equal to
a. These query intervals are exactly the ones that have anon empty
intersection with | . The probability that an interval 1o = [ag, bg] is
intersected by an arbitrary query interval is:

‘[J. P(x, y)dxdy

A(l
I —r

‘[ P(x, y)dxdy
[[Pxy)dxdy  aqy
:

Evaluation Cost. Furthermore, the expected query cost depend on
the cost related to the evaluation of the byte sequence stored in the
BLOB of an intersected gray interval 145, The evaluation of the
BLOB content requires to load the BLOB from disk and decom-
press the data. Consequently, the evaluation cost depends on both
the length L(lg4,) of the uncompressed BLOB and the length
Leomp(lgray) << L(lgray) Of the compressed data Additional, the
evaluation cost Coste,y depend on a constant ¢|/2 related to the
retrieval of the BLOB from secondary storage, a constant Gi&omp

related to the decompression of the BLOB, and a constant g8 re-
lated to the intersection test. The cost GfB%,,, and /ooy heavily
depend on how we organize B(l y5y) within our BLOB, i.e. on the
used compression algorithm. A highly effective but not very time
efficient packer, e.g. an arithmetic packer, would cause low loading
cost but high decompression cost. In contrast, using no compression
technique, leads to very high loading cost but no decompression
cost. On the other hand, ZLIB isan effective and very efficient com-
pression algorithm which yields a good trade-off between the load-
ing and decompression cost. Finally, cffy solely depend on the

ALGORITHM GroupObj (Igay P)
BEGIN
interval _pair := split_at_maximum_gap(l gay);
| eit = interval_pair |l eft;
right = interval_pair.right;
COStyray = P(lgray) * COSteval(l gray);
COStec = P(l}eft) + COSteyal(lef) +
P(lright) * costeval(Iright);
gray > COStgec THEN
GroupObj (ljef, P);
GroupObyj (Iight, P);
ELSE
report (Igray);
END IF;
END.

IF cost

Figure4. Grouping algorithm GroupOb;.

used system. The overall evaluation cost are defined by the follow-
ing formula:

COSteval ( I gray) =

1/0 cpu

cpu
I‘comp(lgray) |:tload + L(Igray) [(Cdecomp

* Crest

Grouping Algorithm. Orenstein [Ore 89] introduced the size- and
error bound decomposition approach. Our first grouping rule “the
number of gray intervals should be small” can be met by applying
the size-bound approach, while applying the error-bound approach
results in the second rule “the dead area of all gray intervals should
be small”. For fulfilling both rules, we introduce the following top-
down grouping agorithm for gray intervals, called GroupObj (cf.
Figure 4). GroupObj is a recursive algorithm which starts with an
approximation Og gy = (id, { Igray )), i.6. We approximate the object
by one gray interval. In each step of our algorithm, we look for the
maximum gap g within the actua gray interval. We carry out the
split ong this gap, if the average query cost caused by the decom-
posed intervalsis smaller than the cost caused by our input interval
Igray- The expected cost related to agray interval |y, can be com-
puted as described in the foregoing paragraph. A gray interval
which is reported by the GroupObj algorithm is stored in the data-
base and no longer taken into account in the next recursion step.
Data compressors which have a high compression rate and a fast
decompression method, result in an early stop of the GroupObj al-
gorithm generating a small number of gray intervals. Our experi-
mental evaluations suggest that this grouping algorithm yields re-
sults which are very close to the optimal ones for different data
compression techniques and data space resol utions.

3. QUERY PROCESSING

In this section, we will discuss how we can efficiently carry out
intersection queries on top of the SQL-engine. Our approach uses
the RI-tree for efficiently detecting intersecting interval hulls. In
contrast to the last section, we do not assume any arbitrary data dis-
tribution but use statistical information reflecting the distribution of
the gray interval hulls managed by the RI-tree.

The agorithm for decomposing aquery object isbasically the same
as the one presented in Figure 4. The main difference is that the
assumed intersection probability P, is replaced by a more accurate
selectivity estimation o reflecting the actual data distribution.
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Figure 5. Analogous ar chitectures for the object-relational
embedding of user-defined index structures and cost models
into extensible indexing and optimization frameworks.

In[13] it was shown how we can effectively and efficiently estimate
the selectivity of interval intersection queries based on the RI-tree.
Both index structure and the corresponding cost-model can be inte-
grated into modern object relational database systemsby using their
extensibleindexing and optimization frameworks (cf. Figure 5). By
exploiting the statistical information provided by the cost model, we
can find an optimum decomposition for the query object. The tradi-
tional error-and size bound decomposition approaches [20] decom-
pose a large query object into smaller query objects optimizing the
trade off between accuracy and redundancy. In contrast, the idea of
taking the actual data distribution into account in order to decom-
pose the query object, leads to a new selectivity-bound decomposi-
tion approach, which triesto minimizethe overall number of logical
reads.

3.1 Decomposition of the Query Object

In this section, we shortly sketch the decompositioning of the query
object into suitable gray object interval sequences. Thereby two dif-
ferent cases have to be distinguished. First, the query object is al-
ready stored in a decomposed way in the database. Second, it hasto
be decomposed in real-time from scratch.
Query object isa database object. In this case, the query object is
already stored in a decomposed way within the database according
to our GroupObj algorithm which assumes a potential query distri-
bution P (cf. Figure 2). Usually areas which are often inquired also
contain a lot more objects than seldomly inquired areas. For in-
stance, New York containsalot of geographical objectsand ismuch
more often inquired than Alaska. Aswe assumethat the characteris-
tic P coincides with the data distribution o of the actual databases
objects, we use the already decomposed objects as starting point for
afurther statistic-driven generation of the gray intervals instead of
starting from scratch. In order to carry-out afine-tuning of our gray
query-sequence we test whether two already decomposed gray in-
tervals should be merged to one gray interval. Thisis beneficial if
o < Pholdsfor the query region. On the other hand, if o > P holds,
we further decompose the gray query interval according to the algo-
rithm presented in Figure 4. Thereby, we do not assume a potential
query distribution P, but replace P by the actual selectivity estima
tion o w.r.t. the corresponding gray interval. We carry out the selec-
tivity estimation for | ray and for the two potentially new gray inter-
vals l1gst and I igry Which result from a split at the maximum gap of
lgray- Based on the computed cost, we decide whether we actually
carry out the split.
Query object isno database obj ect. Second, if the query object has
to be decomposed from scratch, we carry out a decompositioning
starting with one gray interval conservatively approximating the
query object. Similar to the approach of the last paragraph, we de-
cide based on an accurate selectivity estimation whether to further

decompose the query object. This approach is quite feasible if the
query object isalready available asrasterized object. If not, whichis
the case for many query objects used in GIS, they are often very
simple and can be described by afew parameters, e.g. arectilinear
box can be described by two points. Again, we approximate the que-
ry object by one gray interval and apply the already sketched de-
compositioning approach for query objects. The few parameters
which are necessary to describe the query object can be stored inthe
BLOB of each gray interval instead of the exact black interval se-
quence. Thesefew values contain the whol e information in the most
compressed way. In the blobintersection routines of Figure 6,

B(Igray) iscreated on demand from this simple and compact geomet-
ric |nformat| on. Asthe geometric information is already in the most
compressed form we do not need aspecia datacompressor, but only
a decompression algorithm specific to the geometry of the query
object.

In the following, we will show how we can carry out an interval
intersection query on top of an ORDBMS.

3.2 Intersection Query

In this section, we discuss the query processing of a boolean and a
ranked intersection predicate on top of the SQL-engine. The pre-
sented approaches can easily be embedded by means of extensible
indexing interfaces (cf. Figure 5) into modern ORDBMS. Most OR-
DBMSs, including Oracle[19] [24], IBM DB2[10] [2] or Informix
IDS/UDO [11] [1], provide these extensibility interfacesin order to
enable database developers to seamlessly integrate custom object
types and predicates within the declarative DDL and DML.

As we represent spatial objects by gray object interval sequences,
we first clarify when two of these sequences intersect.

Definition 1 (object intersection)
Let Wyaa={ (I, u) D IN?, | < u} bethedomain of black intervalsand
letby = (I, u) and by = (I2, u,) be two black intervals. Further, let
1= (pt, .. b% ) and 12=(b?, ...,b2 ) be two gray intervals,
and let O = (id%, (13, 13, . RS >)and62 (i (15,15, 13,))
be two gray object |nterval sequences Then, the notlonsmtersect
Xintersect and interlace are defined in the following way:
la. Two black intervalsb; and by intersectif 11 < u, and I, < uy.
1b. Xintersect(bq,by) = max { O, min{uy, uy} - max{l, 15} +1}.
2a. Two gray intervals | and I2|ntersect|ffor anyiO{1,...,ng},
i 0{1,...,n5}, theblack intervals b and b intersect.
2. Yintersect(l, 12 = ZXlntersect (bl,bj)

i=1.n;,j=1.
2c. Two gray intervals I and 12 |nterlace if their hulls H(1%) and
H(1?) intersect.

3a. Two objects O! and Ozlntersect if foranyi 0{1,...,my},j O

{1, ..., my}, the gray intervals I andlJ intersect.

3b. thersect(ol, 09 = Xintersect (I1,17) .
i=1om,(=1..m,)

3c. Two objectsOt and Ozmterlace if foranyi O{1,...,mg},j 0

{1, ..., my}, two graylntervalsl and I2 interlace.

3.2.1 Theintersect SQL Satements

In [14] many index structures for interval intersection queries were
surveyed, which can be integrated into the extensible indexing
framework of modern ORDBM Ss. These index structures also sup-
port the evaluation of the interlace predicate on gray intervals. As
we defined gray object interval sequences asaconservative approx-
imation of black object interval sequences, we can use the hulls of



a)

SELECT candidates.id FROM

( SELECT db.id ASid, table (pair(db.rowid, g.rowid)) AS ctable
FROM GraylIntervals db, :GrayQuerylntervals g
WHERE intersects (hull (db.data), hull(g.data))
GROUPBY db.id

) candidates

WHERE EXISTS

( SELECT1
FROM GraylIntervals db, :GrayQuerylntervals g, candidates.ctable ctable
WHERE db.rowid = ctable.dbrowid AND g.rowid = ctable.growid AND
bl obintersection (db.data, g.data)

b)
SELECT db.id, Xblobintersection(db.data, q.data)
FROM Graylntervals db, :GrayQuerylntervals q
WHERE intersects (hull(db.data), hull(q.data))
group by db.id

Figure 6. SQL statementsfor spatial object intersection,
based on gray object interval sequences.
a) intersect-predicate, b) Xintersect-predicate

thegray intervalsin afirst conservative filter step. Thereby, we can
take advantage of the same access methods as used for the detection
of intersecting black interval pairs. Asshown in Section 2, the gray
object interval sequences can be mapped to an object-relational
schema Graylntervals. Following this approach, we can also clearly
express the intersect predicates on top of the SQL engine (cf.
Figure 6).

In the case of the intersect-predicate (cf. Figure 6a), the nesting
function table groups references of interlacing gray query and data-
baseinterval pairstogether. The NF2-operator table wasrealized by
auser-defined aggregate function as provided in the SQL : 1999 stan-
dard. In order to find out which database objects are intersected by
aspecific query object, theinterlacing gray intervalshaveto betest-
ed for intersection. This test is carried out by a stored procedure
blobintersection. If one intersecting gray database and query inter-
val pair isfound, no gray interlacing interval pairs belonging to the
same database object have to be examined. This skipping principle
isrealized by means of the exists-clause within the SQL -statement.
In the case of the Xintersect-predicate (cf. Figure 6b), the intersec-
tion volume has to be determined for each interlacing interval pair.
No BLOB tests can be skipped. The results are summed up in the
user-defined aggregate function Xblobintersection.

In both blobintersection routines, we first decompress the data and
then test the two byte sequencesin theinterlacing areafor intersec-
tion. As already mentioned in Section 2.1 it is important that the
compressed BLOB sizeissmall in order to reducethe1/O cost. Ob-
viously, the small I/O cost should not be at the expense of the CPU
cost. Therefore, it isimportant that we have a fast decompressing
algorithm in order to evaluate the BLOBs quickly.

4. EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of our approach. We
evaluate two different grouping agorithms GRP in combination
with three data compression techniques DC. We used the following
data compressors DC:

NOOPT: TheBLOB isunpacked.
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Figure 7. Histogramsfor intervals and gaps.

ZLIB: The BLOB is packed according to the ZL IB approach [3].

HSC: The BLOB ispacked according to the arithmetic approach of [9].
Furthermore, we grouped the voxels into gray intervals depending
on two grouping al gorithms, called Maxgap and GroupObj.
MaxGap. This grouping a gorithm tries to minimize the number of
gray intervals while not alowing that a maximum gap G(l gay) of
any gray interval Iy, exceeds a given MAXGAP parameter. By
varying this MAXGAFY parameter, we can find the optimum trade-
off between the first two opposing grouping rules of Section 2.2,
namely a small number of gray intervals and a small number of
white cellsincluded in each of theseintervals.

Oneof themain goals of thisexperimental eval uationisto show that
our new GroupObj algorithm analytically findsthis empirically de-
rived optimum of the Maxgap-approach.

GroupObj. We grouped the intervals according to our cost-based
grouping agorithm GroupObj (cf. Section 2.2), where we used the
query distribution function from Figure 2b with k* = 1/100,000.

Note, that the grouping based on MaxGap(DC) does not depend on
DC, whereas GroupObj(DC) takes the actual data compressor DC
into account for performing the grouping.

In order to support the first filter step of GRP(DC), we used the RI-
tree. We have implemented the RI-tree [14, 15] on top of the
Oracle9i Server using PL/SQL for most of the computational main
memory based programming. The evaluation of the blobintersec-
tion routines was delegated to aDLL writtenin C. All experiments
were performed on aPentium 4/2600 machinewith IDE hard drives.
The database block cache was set to 500 disk blocks with a block
size of 8 KB and was used exclusively by one active session.

Test Data Set. The tests are based on a subset of 2D GIS data
representing woodlands, rivers, and transportation networks de-
rived from the SEQUOIA 2000 benchmark [23], for simplicity
called SEQUOIA throughout this section. It contains about 3500
rasterized polygons approximated by 50-10° voxels. The SEQUOIA
data space is of size 2%*. The Z-curve was used as a space filling
curveto enumerate the voxels. Figure 7 depictsthe interval and gap
histogramsfor our SEQUOI A test data set. The figure showsthat the
3500 geographical objects consist of many short black intervals and
short gaps and only afew longer ones.

Sorage Requirements. Figure 8 shows the different storage re-
quirementsfor the BL OB with respect to the different datacompres-
sion techniques. The figure shows clearly that the HSC-approach
yieldsthe best compression ratios for all MAXGAP parameters. For
medium to high MAXGAP parameters the ZLIB-approach also
yields compression ratios of almost two orders of magnitude. If we
do not apply any compression, the required secondary storage for
high MAXGAP valuesit isvery highleading to high 1/O cost during
the query process.

Update Operations. In this section, we will investigate the time
needed for updating complex spatial objectsin the database. Figure
9a shows that inserting al objects into the database takes very long
if we store the numerous black intervals in the Rl-tree (i) or if we
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Figure 9. Update operations.
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store the huge one value approximations of the unpacked object in
the RI-tree (ii). On the other hand, using our GroupObj(ZLIB) ap-
proach (iii) acceleratesthe insert operations by one to two orders of
magnitude. The time spent for grouping and packing pays off, if we
takeinto consideration that we save alot of timefor storing grouped
and packed intervals in the database. Obviously, the delete opera-
tions are also carried out much faster for our GroupObj(ZLIB) ap-
proach as we have to delete much less disk blocks (cf. Figure 9b).

Query Processing. In this section, we want to turn our attention to
the query processing by examining different kinds of collision que-
ries. The figures presented in this paragraph depict the average re-
sult obtained from collision queries where we have taken the 100
largest parts from our SEQUOI A data set as query objects.

In Figure 10 it is shown in which way the overall response time for
boolean intersection queries based on the RI-tree depends on the
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Figure 10. MaxGap(DC) for boolean intersection queries.

MAXGAP parameter. |If we use small MAXGAP parameters, we
need alot of timefor thefirst filter step whereasthe blobintersection
test is relatively cheap. Therefore, the different MaxGap(DC) ap-
proaches do not differ very much for small MAXGAP values. For
high MAXGAP values we can see that the MaxGap(ZL|B) approach
performs best with respect to the overal runtime. The Max-
Gap(ZLIB) approach is rather insensitive against too large MAX-
GAP parameters. Even for valueswherethefirst filter stepisamost
irrelevant, e.g. MAXGAP = 108, the MaxGap(ZLIB) approach still
performswell. Thisisdueto the fact that for large MAXGAP values
the MaxGap(ZLIB) approach needs much less physical reads, about
1% of the MaxGap(NOOPT) approach. As a consequence, the que-
ry response time of the MaxGap(ZLIB) approach is approximately
Y47 of the query response time of the MaxGap(NOOPT) approach.
InFigure11itis showninwhat way the different data space resolu-
tions influence the query response time. Generally, the higher the
resolution, the slower is the query processing. Our MaxGap(ZLIB)
isespecially suitable for high resolutions, but also accel erates medi-
um or low resolution spatial data.

To sum up, the MaxGap(ZLIB) approach improves the response
time of collision queriesfor varyingindex structuresand resol utions
by more than one order of magnitude.

We will now show that the GroupObj algorithm analytically finds
this empirically derived optimum of the Maxgap-approach, i.e. our
GroupObj approach yields almost optimum query response times
for varying compression techniques and data space resolutions.
Table 1 depicts the overal query response time of our
GroupObj(DC) approach compared to the RI-tree for boolean and
ranking intersection queries.

gray intervals black intervals
NOOPT ZLIB HSC RI-tree [15]*[14]**
number of intervals 7,285 5,206 8,934 1,188,356
Overall Runtime” [g] 0.68 0.29 0.91 12.74
Overall Runtime™ [s] 1.20 0.52 153 00 (not applicable)

Table 1. GroupObj (DC) evaluated for boolean” and ranking”™”
intersection queries.

We can see that for boolean intersection queriesthis grouping deliv-
ers results quite close to the minimum response times depicted in
Figure 10. Furthermore, we notice that the GroupObj(ZLIB) ap-
proach outperforms the RI-tree [15] by a factor of 44 for boolean
intersection queries. For ranking intersection queries the RI-tree
[14] is not applicable due to the enormous amount of generated join
partners. On the other hand, the GroupObj(ZLIB) approach yields
interactive response times even for such queries.

In Table 2 it is shown that the query response times resulting from
the GroupObj algorithm for varying resolutions, are almost identi-
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Figure11. MaxGap(ZL1B) evaluated for boolean inter section
queries using different resolutions.
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cal to the ones resulting from a grouping based on an optimum
MAXGAP parameter (cf.Figure 11).
| sabit | 32bit | 30bit | 28bit
Overall Runtime[s] | o2 | o024 | o021 | o019

Table 2. GroupObj(ZLIB) evaluated for boolean inter section
queriesfor the RI-tree with different resolutions.

To sum up, the GroupObj algorithm produces object decomposi-
tionswhich yield almost optimum query responsetimesfor varying
compression techniques and data space resol utions.

Window Queries. In a last experiment, we carried out different
window queries. Figure 12 depicts the average runtime for window
queries, where we moved each window to 10 different locations. As
shown in Figure 12, our statistic-based decomposition approach of
the query object can improve the query response behavior by more
than one order of magnitude, compared to the granularity-bound
decompositioning approach where we decompose the query objects
into black intervals. This speed up ismainly due to the reduced de-
composition time resulting from the fact that we do not decompose
thegray intervalscompletely into black intervals, but take the actual
data distribution into account to guide the decompositioning pro-
cess. If our selectivity estimation indicates low selectivity for the
actual gray interval, we do not further decompose the gray interval
but useit directly as query interval, where the actua window coor-
dinates are stored in the corresponding BLOB. The experiments
show that the query response time does not suffer from the fact that
we did not decompose the windows with the maximum possible
accuracy. The time we need for the additional refinement step to
filter out false hitsis compensated by the much smaller number of
query intervals resulting from a coarser decomposition of the query
window. To sum up, our statistic-based decomposition approach is
especially useful for commonly used window queries.

5. CONCLUSION

In this paper, we introduced a new approach for accel erating spatial
query processing for complex geographical objects. We used gray
interval sand showed how we can efficiently store them by means of
data compression techniqueswithin an ORDBMS. Furthermore, we
introduced a cost-based decompositioning algorithm for complex
rasterized objects, called GroupObj. GroupObj takes the decom-

pression cost of the gray intervals and their access probabilitiesinto
account. We showed how to use the gray intervals generated by
GroupObj for efficient spatial query processing on top of an OR-
DBMS. Theresulting spatial access method is applicable for differ-
ent data space resolutions and compression algorithms. \We demon-
strated in a broad experimental evaluation that our new approach
accelerates spatial query processing on complex rasterized geo-
graphical objects by more than one order of magnitude.

In our future work, we will show that our new approach can also be
applied to accelerate other index structures, e.g. the Relational R-
tree[22] or the Relational Quadtree [4].
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