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Abstract 30°-32° as ‘hot’, whereas useB specifies 30-35°.
Therefore the classifications used in an aggregatio
Aggregating spatial objects is a necessary step iierge all areas whose temperature is ‘hot’ areknotvn
generating spatial data cubes to support roll-ilpfiiswn  until run-time. A GIS may contain many such atttéxu
operations. Current approaches face performantieat are used in combination to construct a spaltidih
bottleneck issues when attempting to dynamicallyube. Hence predicting cubes for pre-generationois
aggregate geometries for a large set of spatial. d&fe possible.
observe that changing the resolution of a region
reflective of the fact that the precision of splatiata can
be changed to certain extent without compromisisg i
usefulness. Moreover most spatial datasets aredstatr
much higher resolutions than are necessary for so
applications. The existing approaches, which aggeeg
objects at a base resolution, often results incggssing
bottleneck due to extraneous 1/O. In this paper,
develop a new aggregation methodology that c
significantly reduce retrieval (I/O) costs and iope
overall performance by utilising multiresolution tda
storage and retrieval techniques.  Topologic
inconsistencies that may arise during resolutioange, We refer to an amalgamation that produces a large
which are not handled by current amalgamatiohumber of HLOs afine-grained and one that produces a
techniques, are identified. By factoring these éssinto few HLOs ascoarse-grained An efficient approach to
the amalgamation query processing, the retrievatldo coarse-grained amalgamations is presented in (2¢gu,
can be further reduced with guaranteed topologic@tuffet, D. and Han, J. 1999). The shortcoming fué t
correctness. Experimental results illustrate sigaift approach is it has not been applied to fine-grain
savings in data retrieval and overall processingetof amalgamations. Also, it only considers data atralsi
dynamic aggregation. resolution, or its original resolution (also knoas level
of detail, or LOD). This is inflexible when consriteg
LOD is becoming more integrated in 2D/3D spatiatmyu
processing.

\Iﬁlhile issues of selectively pre-materialising ddta
efficiently generate spatial data cubes are adedess
before (Stefanovic, N., Han, J., Koperski, K. 2Q0ije

grk has been done on dynamic spatial aggregation.

malgamation is used to re-classify objects intghkr-
level objects (HLOs) that form a new spatial layEnus
V\;Qe process is not simply visual, as investigatad i

evious systems (Ester, M., Kriegel, H.P. and 8andl

97), but also involves geometry manipulation stinzt
new geometries generated from amalgamation can be
4jsed in further spatial analysis.

Keywords:spatial aggregation, multiresolution, topology.

1 Introduction
Multiresolution spatial databases are gaining paxyl

Aggregating relational attributes has been widelylied, due to their versatility and efficiency in datarietal

and is a fundamental operation in data mining aa d (Jones, C.B. and Zhou, S. 2001, Horhammer, M. B. an
warehousing, which are critical decision suppodiddn Freestén .M. 1999) Ho,we.ver in’ the context 6]: cimm.p
qu"."?]y ﬁppllcatlorr:s_(Chaudhurl,h_s. _apd Da_yal, U. 1997operations, they remain relatively unexploited. Whe
Ith t € growt In_geograpnic in ormatpn S_yStemSattempting to extend additional spatial operatieugh as
aggregation on spatial data, or amalgamation, igléq amalgamation, we find current solutions do not

cr:iticz! to.ghe_ anal;;sis pffdltlamo%raﬁhicg dgve( Iaadmorrl adequately handle new topological issues that avitde
the distribution of rainfall and humidity in weathe changing the resolution of data.

monitoring. The problem is that in these contentisere
many non-spatial attribute data are represented Multiresolution amalgamation is the grouping of tia
continuous domains, user-driven classifications arfeatures at varying resolutions of spatial objent tivo
unpredictable. For instance, when amalgamatingonsgi main reasons. Firstly, we may wish to relax comstseon
based on common temperature ranges, Assm specify the precision (resolution) of data, either becatise not

necessary or to prioritise analysis speed overracygu
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Information Technology, Vol. 27. Klaus-Dieter interesting, much like the filter-and-refine apprbain
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as an initial filter when performing amalgamation o and Egenhofer, M. 1997) discuss consistency in
datasets that are otherwise too large to prockas @hce. topological relationships between regions that rbay
For example a nation-wide dataset could be prodease aggregated, and of different resolutions (i.e. from
a low LOD to discover the general trend of HLOsheterogenous sources). This work focuses on tojmalbg
Interesting patterns, or ‘hits’, can then be igadatand inconsistencies that may result from aggregatirgjpit
refined individually using only data from specificeas of objects into larger features not dissimilar to canfulls.

the spatial layer instead of the entire originatadat. In contrast we focus on spatial layers that aréldil into
Secondly, resolution can be changed to normalige tlkonnected feature boundaries, and identify topobkigi
resolution of multiple heterogenous layers thatl Ww#é inconsistencies that arise from morphing objectslata
processed together under some operations suchmap a resolution is lowered.

overlay. This is particularly pragmatic since comipg
two geometries at different resolutions can onlgdoice
results at the precision of the lower resolutiorentk
reducing LOD before processing would reduce th¢ abs
the overlay.

With respect to complex operations in spatial syste
spatial join has received the majority of past aeske
focus (Brinkhoff, T., Kriegel, H.P. and Seeger, 893,

Li, W., Gao, D. and Snodgrass, R. T. 2002) although
results from joins and amalgamations can be used
In this paper we propose an alternative to theeeurr interactively for complex or large scale analysEer
approach to spatial aggregation, which treats thastance data from a demographics layer is first
operation as an all-or-nothing atomic process, bgmalgamated to a desired granularity then joineth wi
applying multiresolution and topologically consider another layer describing air pollution levels otler same
techniques. In section 2 we outline previous workgeographic extent.

Section 3 describes the multiresolution approac an .
experimental results are given in section 4. Caichs n (EStF‘-‘“ M., Kriegel, H.P. and Sander, J. 199%‘[1&39.
are drawn in section 5. exten_smns were dev_eloped to_ support c_omplgx mining
rules in the non-spatial properties of spatial otgewith
respect to their location — e.g. “real-estate valtiéand
2 Related Work blocks with respect to distance to the city’'s oghtr
Modelling geospatial information as highly-custoetls However the purpose of grouping is for visualizatsuch
views, comparable to those in relational systenas hthat objects are cosmetically associated with eztblr
opened new possibilities in areas of data retriarad through a visual cue - e.g. fill colour — not aétua
data analysis. The application of computationalngetoy ~geometry. If used for further manipulation, such as
to spatial data manipulation is not new (De Flarian, joining or overlaying spatial layers, groups woule
Puppo, E. and Magillo, P. 1999), though neitheiitis processed by treating each member object indivigual
mature. instead of using a single group geometry.

For purposes of visualization in OLTP, multi-reswn  Procedural and algorithmic methods for amalgamation
databases address the need to extract simplifiatiasp are well established in digital cartography (PeBerand
data from a sizable source to suit limited-capacigbile ~Weibel, R. 1999). In (Zhou, X., Truffet, D. and Hah
devices, and to consider network transmission cost999) a single-resolution (SR) approach is used to
(Zhou, X., Prasher, S. and Kitsuregawa, M. 200280  effectively filter out extraneous data to the araatgtion,
applications hierarchical index structures are used and reduce subsequent, external, processing cAsts.
manage terrain meshes (Xu, K. 2003, De Florianj, Lquadtree index is expanded to incorporate informnatin
Magillo, P. and Puppo, E. 1997). In 2D systems datfe spatial occupancy of an object to help detezmin
objects are fragmented and sorted according to bogthether it is needed in the resulthis structure is
location and relative map scale (Horhammer, M. rid a henceforward referred to as tlecupancy_indexThe
Freeston, M. 1999). The concept is developed fuithe dataspac® is decomposed into a set of peano cells. The
(Jones, C.B. and Zhou, S. 2001, Prasher, S., zhoand area of the part of an objegid, intersecting with a cell,
Kitsuregawa, M. 2003) whereby objects are treated a also referred to as itsccupancy ratipis recorded. The
set of logically connected fragments. This prove#idex and data table schemas are given as:

beneficial sinpe datg rgtrieval is redu_c_ed 'thrOL'Igh. occupancy_index(cell, pid, area)

database object clipping and simplification, which data SR (objectID, geo)

mitigates both 1/O costs in retrieval and the pssigg

costs of subsequent external spatial operations. wheregeo stores the geometry of an object. If the total

occupancy ratioof the objects in a cell is less than 100%,
Concurrent to spatial simplification, considerablerk then the cell contains some part of the result bsegpart
has addressed the preservation of topologicaf it touches unclassified empty spaceDinObjects that
relationships to ensure correctness of resultsoth BD intersect with this cell are considered boundarjects
contexts (Gerstner, T. and Pajorola, R. 2000, B&aj because they contribute to the final amalgamated
and Schikore, D. 1997) and 2D contexts (KuijperBm, boundary. Similarly the cells are termed boundaysc
Paredaens, J. and Van den Bussche, J. 1995, UbedaThe goal of the single-resolution amalgamation yuer
and Egenhofer, M. 1997). Methods generally accashpli (SAQ) is to identify boundary objects and filteato
this by either imposing topologically consideratatad objects that do not contribute to the resitce boundary
structures, or employing consistency checks whegells are identified all boundary objects are ested and
manipulating data. Tryfona and Egenhofer (TryfoNa, clipped to the boundary cells. Finally, line segtsethat



are common along boundary objects’ borders angopulation within the entire area, thus may not be

removed, forming the amalgamation result. considered representative or important. By remoning
we are able to provide a fuzzy classification & Whole
3  The Multiresolution Scheme — MR area as high-income.

As with simplification, when resolution is alteredIn the example, if the shaded region is removes, it
topological issues arise when amalgamating geoesetri neighbours merge, making the boundary cell an riater
To date no work has addressed, or defined, thesess (non-boundary) cell. Therefore the participation
In this section we outline how the SR approach igelationship of an object witlF(S) is not static with
extended to allow for varying grains of amalganatio respect to resolution. New internal cells should be
The goal of amalgamation is to identify all bouryaridentified and filtered out during query processiimg
objects and later merge them into HLOs in-memory. order to minimise data retrieval. To accommodais, th
occupancy levels of objects in cells must be adjlist

A spatial layerD consists of a set of objec§ and ,ccording to the desired resolution at run-time.

unclassified empty spacelhis set has an equivalent

collection of simple line segmerits Adjacent objects are Second, the Jigsaw Problem is concerned with
amalgamated into HLOs if they share a common ptgperdistinguishingsmall objects fromsmall object fragments.

t in a classifying attribute domain (CA) — e.g. tesBp- Objects that overlap multiple cells in the
35°. We use CAto denote the group of objects that shar@ccupancy_indesare partitioned into smaller fragments
this property, and=(S) as their amalgamated boundaryAn identified lake could thus belong to a largejech
which has an equivalent set of unique lihgsvherel’ ,  We term this the false lake anomaly. Removing pad

0 L. Because objects in GAcan be disjointdS, can |arger object can cause some topological incomuste
consist of many HLOs. For simplicity we refer toeth in its simplified form when reconstructed into sohhieO.

generation of a single group boundaryFgs) = L', and For example if the part represents some significant
its corresponding set of boundary objeds geographic feature such as a peninsula.

An more pronounced situation is illustrated in figub
3.1  Topological Issues where an object is made up of numersusall parts that

In the sinal luti h defi Hold are individually removed, in turn discarding thejem.
n the single resolution scheme we can detine @s This occurs because the current scheme for

below which any ot_)Ject IS con3|derenhe}ll T.h's s made occupancy_indexnanages does not include any holistic
under the assumption that amalgamation is perforomed object information, only data on parts.

an original instance of the entire spatial layeinbe
considered. Consequently, when a spatial filteg.(a .
query window) is imqposedyconditions cﬁange. Thge (eiz 3.2 An MR Object Structure

the region of interest is reduced, which reflectshange To represent an ije@ at some lower resolutiod a
in the scale of the map. For instance, when usifayer  simplification method is employed. This produceseav
of the Australia, a Skfnarea may be consideredsamall  gbject O('), which contains a subset of the pointsdn
When a window is subsequently placed on thge O() O O. The object's original resolution is given
metropolitan area of Sydney this changes to a 488ea. 51 wherer <. Performing simplification in-database

This dynamism also creates topological anomalies. Wequires that we obtain parts of a spatial objeithout
now elaborate on two such issues, and explain \way t fetching others from disk.

are problematic when using theccupancy_index

structure to identify boundary cells. A storage scheme capable@ffr') from O is structured as
follows: An object is fragmented to a sequence of
connected lines. The endpoints of a line segmeat ar
translated into to z-values using a quadtree deositipn

of the data space (Orenstein, J. and Merret, TL984).
Each line occupies a single tuple in the data tdbleing
retrieval a resolution-sensitive spatial filter pnocessed

The Lake Problem is concerned with removisgall
objects from consideration:

a b on the line segments to produoé’).
0N
<7 3.3 Filtering on Resolution for Retrieval
¢ d The extent oD, extD, is often very large. To scale down
an object’s resolution a simplification method mseded.
@) (b) We employ the technique proposed in (Prasher, t®uZ
X. and Kitsuregawa, M. 2003) because it performs
Figure 1: Lake (a) and Jigsaw (b) problems simplification in query processing. Thus reducingmall

: : - . data retrieval. Assume each pointrs space may be
Figure 1 illustr Il containing three larggion . . . .
gure ustrates a cell containing three larggions considered a display pixel When a low-resolution data

surrounding asmall area, known as a lake. To use apace is superimposed and stretched to cover ¢heohia
mographic exampl me the lake represents-a IQ" , o
demographic example assume the lake represents-a igher resolution data space its pixels are stegiciihese

income city block, and the white regions are higteime . : . .
areas. A s};ngle block contributes g minority o?tt?)eal elements are calleldgical pixels The side (diameter) of
a pixel inD is scaled accordingly (figure 2).



object_table(objectID, CA 1,..., CA 1)

where thezl andz2 fields record the endpoints of a line
segment, and thebjectlD field is a foreign key tgid.

P’ =4 Note that information irobject_tablecan also be stored
in data_MR but would incur unwanted redundancy.

«—p =2 . . .
«——p=1 In previous work comparing the sum of areas witlellis
maximum capacity, 100%, identified boundary celle
Figure 2: Logical pixels widths shown at two observe that if the layer's empty space is tre@edin
resolutions lower than original (=1) independent object, and recorded aocupancy_index

L . . with those cells it intersects, no cell will havetaal
The change itogical pixelsize roughly correlates to thatoccupancy less than 100%. This allows us to limé t

of peano cells in data space decomposition. THISCtS ¢, ery condition to searching for cells that contaam-
an intrinsic hierarchical property of z-values. By,

. ) L _~Jsmall objects from at least two object groups. In this
truncating then-rightmost digits in a z-value the effective gj; \ation” there exists some part B{S in the cell.
resolution of the resulting z-value prefix is reddc

. I O hich Because area is no longer needed to identify baynda
because it represents a larger area Dp which — cou5 \we can instead record an object's area vetipect
corresponds to dogical pixel in the new resolution. , b in gccupancy indexand supply MOT as a static
Because performing a truncation operation at roe-tis =

- X value. The multi-resolution amalgamation quer
costly we only note the position of at which a vertex 9 query (MAQ

/ ) . is as follows:
and its succeeding neighbour share a longest common

prefix. This position, called thedelta is computed SELECT Acell , .
between the starting and endpoint point of eachpiviat &HR(SSE?&:C%‘)E‘%CS’E'GQESX A, object_table B
line segment in the dataset. At run-time, the déffice pid = 5-0b)

, i . . AND A.cell I NSI DE window
between the data’s original resolution, and theirds AND A. area >= MOT
lower resolution is translated into delta threshold. A GROUP BY A.cell

large delta value denotes a long common prefix between  HAVI NG COUNT( DI STI NCT B.CA) > 1
endpoints, hence a fine detail. Lines haviledtaslower
than the threshold are addedQ¢’). Thus simplification
can be achieved using a singlétBee scan on lindeltas

In terms of ensuring correctness of HLOs, this apph
also has the advantage of preserving topologic
relationships, and avoiding issues of self-intetisacand
over-simplification.

Under the original scheme ofoccupancy_index
computing the MOT is notably more complex. The MOT
of D is given as a percentagk, Occupancy is recorded
yith respect to a cell, whereas the MOT is a measur
relative to D. The MOT is thus transformed into a
percentage by being scaled to suit a particuldrpelIf
pcis denoted by a z-value of lendthandD a z-value of

. length g whereg = logextD, then the area gfc atr is
3.4 Data Retrieval A(pc, 1) = (2. In addition we must consider the
During retrieval, the purpose of the amalgamatioery decrease in resolution frontor'. The area opc atr' can

is to detect boundary cells. This is done by firsbe given as:
discarding small objects. To this end a minimal

occupancy threshold (MOT), which is specified by th

user, is used to as a filter. Moreover, becamall is a 4
relative measure, which is defined by query coodgi

(i.e. '), small objects can only be detected at run-timeginally, the MOT ofpc atr’ becomes:
not pre-selected. However,dtcupancy ratiogre stored

for each object fragment with respect to a pardicakll, MOT = ———
the MOT must be computed for each index entry bezau A(pc,r')
cell size is not fixed. This presents a problemdaery
processing as an index would then have to be amtstt
on an area-function for each possitileClearly this is an
unfavourable solution.

Although the MOT can be calculated using standard
built-in functions, it requires additional compudst for
each index entry, and information for each cellb®
retrieved, i.e. the cell's z-value. This can betcaxdtictory
Another consideration is that we now wish to cliyssi to the purpose afccupancy_indegonsidering that larger
layers into many HLOs, as opposed to previous woilkdexes have proven to yield greater cost savings b
which groups all objects into a single boundaryu§kwve providing more accurate filtering on cells (Zhou,, X
need to retrieve the CA information of objectsTruffet, D. and Han, J. 1999). As with the MAQ we
intersecting with boundary cells. Consequently data would also need to access CAs in the data tabley usi
organised into three tables: a data table thatagw:t join.

information on object geometries, tloecupancy_index

table, and a secondary data table that record€At®of 3.5 Post-Retrieval Reconstruction

objects. The latter two are given as:
) g Objects that share the same value in the domain@A,

data_MR(pid, lineid, z1, z2, delta) and are geometrically touching, will be groupedthe
occupancy_index (cell, PID, area) same HLO. This is achieved by hashing the midpaifits



each line indS then removing common lines (lines that
share common midpoints) as well as belong to tieesa
CA. At low resolutions objects are simplified byeth
removal of vertices, which can include the endpoinit
common lines. The generic example in figure 3 itates
two objects at their original resolutianconnected by a
common line denoted as ling, [d] in object 1, andd,c]

in object 2. Atr' pointsd ande collapse, resulting in the
selection ofe, because they map to the sdowical pixel
(shown as the circle in figure 3). To ensure hagsrstill
applicable, and produces correct results, the nivid pod
[c,g must be equal to that of,f].

C Cc

i~

e e

Figure 3: Collapse of common lines

Points are eliminated based on the simplificatibrome
object. In object 1d is retained whereas in 2 it is
removed, changingd[e] to [c,e]. The coordinates of d
ande atr are {dx dy, ex ey |dx # exddy # ey}. At r'
these becomedik, dy, eX, ey |dX =exX Ody = ey}.
Hence ¢x-dX = px-ex| and ¢y-dy = ty-ey|.

3.5 Forming HLO Boundaries
Removing common boundary lines result in an un@der

set of lined.". To correctly re-construct object boundaries

lines inL" are ordered as follows:

1. Both endpoints of lines ib' are hashed to a hash

Because the MAQ acts as an initial filter it
should also be efficient and scalable. How does
MAQ perform compared to the SAQ over coarse
and fine grains of amalgamation?

What are cost benefits of making the MAQ
sensitive to dynamic cell occupancy in order to
solve the lake and jigsaw problems? Is it viable
to instead use the SAQ in conjunction with in-
database simplification , MR_Simp, to mitigate
data loads and processing costs?

The amalgamation method should be applicable
to different datasets. Figure 4 shows a growth in
small objects, and associated cells, as resolution
drops. One can deduce that if there is only a
marginal change in the number of these objects
from r to r', then the benefits of the MAQ are
derived solely from simplification. In this case
we could use the SAQ to identify boundary cells
and the multi-resolution data structure to reduce
data loads through simplification alone.
However, the number ofsmall objects is
dependant on characteristics of the data, such as.
distribution, shape and size of objects. This test
is designed to illustrate that simplification alone
is not sufficient to produce correct results.

90

80 -

70

4

table. Each non-empty bucket is then processed, 20 4

and references are created in an auxiliary array, 10|

A for lines that share the same endpoint. This olgu o ooV "

step collects the connectivity between lines of etz 8 45 6 7T B9 101

Decomposition Level form Original: ( r-r')

different objects that belong to the same HLO.

‘ —e— Small Objects —m— Cells with Small Objects ‘

Lines inL' are then sorted on their object and
line IDs. References inA. are shifted Figure 4: Number of small objects and cells
accordingly. Lines inL' are then hashed to containing small objects for each resolution below the
buckets organised by object ID. Each bucket is original (0)

subsequently sorted individually, ordering lines
by object. 4.1

HLOs are reconstructed by following the lineatUnder SR objects are structures as in (Zhou, Xuffat;,
order of lines in each bucket. Lines areD. and Han, J. 1999). A single data table contaires
processed sequentially until they reference a lingpatial geometries, corresponding object idensifiemd
from another object. In this case the scan jumpson-spatial  attributes of each  object. The
to the location of the referenced line andccupancy_indexecords theccupancy ratioof a object
continues sequential scanning. When a closedithin a cell. The tables used in SR are:

HLO is formed it is stored in the result. data_SR(objectlD, geo, CA . ...CA )

occupancy_index(pid, cell, area)

Data structures and Environment

Performance Evaluation

whereobjectlD is a foreign key opid. For MR we use

In this section the performance of amalgamation ige tables defined in section 3.4. Under both MR &R,
examined under the single-resolution scheme (SR) aB*-tree indexes are placed on tbié andcell fields. The
multi-resolution scheme (MR). The aim of experinseist T|GER/LINE" census block dataset for California is used.

to answer the following questions:

1. How does resolution change affect performance?

The dataset contains 21,648 objects in 1,618,98{r&s.

! http://www.census.gov/geo/wwwi/tiger/



The occupancy_indegontains 77,196 tuples. On average 200
each cell contains 5.1 different objects, and edijlct is
contained in 3.4 cells.

350 4

300
Under MR object and line identifiers, z-values, ahd
delta are stored as number types. We found a generally
broad distribution of values in tleltadomain, and used
a composite BTree on the z-value and delta fields to 101
exploit selectivity of the attributes. Under SR extij 100 {
geometries are stored as objects data types amedadd 50 |
under an RTree, although tests were performed on the
entire dataset with no window queries. Querying and
processing on retrieved data was performed thraagh ’
JDBC interface on a P111800 256Mb RAM system. (@)

250

——SR
—a— MR

Time (s)
N
[=]
]

—a— MR_Simp

10 11 12 1

©
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4.2 Test Results

In this section we provide results of performing
amalgamation under MR, SR, and MR_Simp, which is
the combination of the SAQ with the in-database 50
simplification used in MR. Amalgamation is perforinia
four stages for the MR and SR schemes:

——SR

«
g 40 + —a— MR
=

—&— MR_Simp

Query: In SR Boundary cells are identified using the
SAQ, and the IDs of all objects contained in thosls

are retrieved. In MR all boundary cells are ideatifand 104
retrieved into using the MAQ. 0

Fetch: In SR each object is fetched from disk then broken B 1,,1 ’ B
into a series of line segments. The object is elppuch
that only lines that intersect with a boundary caié (b)

retained. Under MR, line segments are retrievedctly , ) T
from each boundary cell. Figure 5: Performance of MR and SR variations in

Cl (a),and C2 (b)

©

Merge: All line segments are hashed, and any duplicates

are removed using algorithm SIMPLE in both schemes.  Figuré 6a shows that MR_Simp generally retrieves
more data than MR, which is then reflected in slowe

Reconstruct: Lines are reconnected into HLOs using thenerge times in figure 6b. Figure 7 shows data loads
methodology outlined in section 4.5. retrieved under MR as a percentage of those retliev
under SR. Because trends for C1 and C2 are almost
identical we can conclude that data reduction eeaed
largely due to simplification. Therefore, becausgyoca
small part of performance in the first test are doe
namic cell occupancy (i.e. boundary cells becgmin
ernal cells aftersmall objects are removed), we can
é:onclude that MR can perform as well as MR_Simp in
non-ideal situations; i.e. where cell occupancyighly
gynamic with resolution.

The dataset is encoded to a resolutionr=#4, which
represents point to approximately 2.8cm of accur&oy
resolution reduction we tested amalgamation of @40
(i.e. the entire state) to levets=9 to r'=13. This gives
levels of accuracy between 450m and 7.2km. For ea(d,P{
resolution we performed two grains of amalgamatian: n
fine grain Cl1 that groups objects into 1806 (1
objects/group) HLOs, and a coarse grain C2 thatiggo
objects into 58 HLOs (362 objects/group). Figure
illustrates performance for the first test: amalgéion on  Data retrieval in MR (figures 6a and 6c) is clealgwer

the entire dataset under each scheme for bothecazid than SR, despite up to a 50% data reduction shown i
fine grain settings. figure7. We can attribute this behaviour to thehhiigvel

of data fragmentation evident in the MR data table.
Because line segments are stored separately, the
additional storage overhead results in a higheradvgéO

cost than the SR scheme.

In C1 (figure 5a) we test thquery, fetch,and merge
stages to illustrate that data reduction duringryjog is
sufficient to cause significant savings in lateagsts, i.e
merging. In C2 (figure 5b) all four stages are ddstA
break-down of performance into tffetch and merge Conversely, data reduction allows MR to perform
stages are shown in figure 6. merging significantly more efficiently than SR, etsown
MR_Simp and MR perform comparably under C2in figures 6b and 6d. We rely on hashing in-memiory
though a marked difference is shown when testinth wiimprove merging by splitting a large set that mhst
larger data loads in the finer grain of C1 (figbes. sorted into numerous smaller sets.
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Figure 6: Retrieval and Merging under C1 (a) and (b respectively, and C2 (c) and (d) respectively ured
SR, MR and MR_Simp.
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Figure 7: Data retrieval in C1 and C2 of MR as a Figure 8: SR vs. MR query time

percentage of SR . . . . .
The SAQ is required to retrieve objects and cliphea

As SR continues to retrieve large data volumess#te object with each boundary cell it intersects. Orrage
stored in individual buckets of the hash table lpezo this step performs in avera@¥nm) time wheren is the
large. Thus sorting on each bucket becomes inefésct number of objects andn is the average number of
eventually contributing to a performance bottleneckyoundary cells per objean(<=3.4 in the tested dataset).
Clearly, the key to speed is tightly connected tqhis added complexity explains why SAQ scales poorl
maintaining some level of data reduction. as the number of boundary objects increases wir fi

We now test the performance of the query stage runddanularities of amalgamation.

MR and SR. Figure 8 gives the results of performingy general a clear performance trend is observable
both query types under the tests given in figurdlée  petween C1 and C2. Both are attributable to deeras
MAQ issues a range scan on theBee to retrieve data the data loads to be processed. As resolution aphes

for each cell. Hence it performs linearly with respto  that of the original SR dominates MR because the
the number of boundary cells identified.



benefits conferred by detection @hall objects and line 5  Conclusions
simplification become minimal. Conversely when

resolutions are set to lower levels MR significantl In~ this paper- a methoqlology to perform spatial
outperforms SR under both coarse and fine-grafad9regation on data at variable resolutions isepresl.
queries. The main contribution of a multi-resolution apprbds

that the task can be performed at different lewls
In our final test, to determine the robustness & Whd precision in order to prioritise processing spe€his
MR_Simp, we test performance when cell occupangyrovides two advantages comparing to the previous
plays a larger role in data reduction; i.e. whes ke work: 1) Intermediate results can be quickly getesta
problem is more prominent. In previous tests iné@#l  and examined before committing additional time and
C2 the number of cells that change betweandr'=13 resources to a typically time-consuming amalgamatio
is only 1.8% and 0.3% respectively. For C1 thisegiv 2) Use of low resolutions allows us to process skt
MR_Simp approximately a 15% performance increastat are otherwise too large to process under m@urre
over MR_Sub. Atr'=9 the difference in cells grows to single-resolution methods.
20%, but performance gained is only 3.5%. Whilew |
change is clearly ideal, it cannot be guaranteexhumse
cell distribution is dependant on both resolutiamd a
object classification that are given at run-time.

We have also identified specific topological andesl
that arise during object simplification, which anet
handled by the current single-resolution approddie

new multiresolution approach utilises in-database
To simulate high cell changes a synthetic testrlage filtering during query processing to resolve twoctsu
constructed: Allsmall objects atr'=10 are allocated a problems. General performance under both coarse and
separate classification that should be filtereddwring fine-grain queries proved more efficient using the
query processing. Large objects are allocated to raultiresolution approach due to effective data otidn.
different classification. Again reconstruction imitted ~Additionally, by factoring topological changes into
to illustrate how improvements to the merge phagerocessing we are able to ensure the correctness of
through data reduction counteract higher retri@esits.  results to a level of precision given by the ugezesfied

As expected, the results in figure 9 show a cledaesolution.

performance gain under MR because the MAQ conside(iI
small objects whereas MR_Simp retrieves extraneou
internal cells. As a result the amalgamated lagetains
more HLOs that contain some unwanted nom®aall
objects.

r contribution is important not only because loé t
arowing need for multiresolution spatial support to
accommodate different users or scales of analisis,
also the growing use of spatial warehousing ané dat
mining in decision support systems. Our experinienta
results illustrated that an adequate data redutdiats to
significant time savings. While pre-materialisatiof
spatial data cubes still performs ideally, they kvonly

1201 on a set of common views. Our tests imply thatesatar

100 scope of dynamic queries is more affordable ushey t
w0 new approach, making this operation practical fatad

- mining and warehousing systems.
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Figure 9: Amalgamation on synthetic dataset
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