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Abstract. A substantial amount of data about geographical entities is available
on the World-Wide Web, in the form of digital maps. This paper investigates th
integration of such data. A three-step integration process is preseirsdgeo-
graphical objects are retrieved from Maps on the Web. Secondly, gfadtgects
that represent the same real-world entity, in different maps, arevdiszd and
the information about them is combined. Finally, selected objects arenpeese
to the user. The proposed process is efficient, accuratgtlie discovery of cor-
responding objects has high recall and precision) and it can be apphest tmir

of digital maps, without requiring the existence of specific attributes. Fostip

of discovering corresponding objects, three new algorithms aremiezeselrhese
algorithms modify existing methods that use only the locations of geogmphic
objects, so that information additional to locations will be utilized in the process
The three algorithms are compared using experiments on datasets withgvar
levels of completeness and accuracy. It is shown that when usegttgriad-
ditional information can improve the accuracy of location-based methoees
when the data is not complete or not entirely accurate.

1 Introduction

Many maps are available on the World-Wide Web, providingiinfation on geograph-
ical entities. The information consists of both spatial and-spatial properties of the
entities. Examples of spatial properties are location daps of an entity. Examples
of non-spatial properties are name and address. The goatlegirating two maps is to
enable applications and users to easily access the prepdrtt are available in either
one of those maps. Another reason for integration is thatesgeographical entities
may appear in only one of the maps. Integration increasdggigood that for all the
relevant entities, in a specified geographical area, abjbett represent these entities
are presented to the user.

An integration of two maps consists of the following threepst extracting geo-
graphical objects from the maps, discovering pairs of dbjétat represent the same
real-world entity in different sources (such objects arkedacorresponding objects)
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and presenting the result to the user. This paper dealsynaithl the second step of dis-
covering corresponding objects. We use the temitching algorithm for an algorithm
that discovers corresponding objects in two given datagejsographical objects.

Methods for integrating data from the Web, and especiallychiag algorithms,
should be able to cope with the following characteristicthefWeb.

— Data on the Web is heterogeneous. This means that the saoeegfiinformation
can have different forms in different sources. For exanipldifferent sources, the
name of a geographical entity can have different spellingsaa be written in dif-
ferent languages. This makes it difficult for integrationthaels to use properties,
such as names, for discovering corresponding objects.h&ena@spect of hetero-
geneity is incompleteness. Some attributes may not bead@iin some sources or
not specified for some objects.

— Data may change frequently. For example, maps that cohtdgls may also in-
clude reviews that are regularly added and updated by pedptehave stayed
in those hotels. In such cases, the integration should Herped in real time,
i.e., when the user sends her request for information. Othertiséntegrated data
will not reflect the most recent changes in the sources. Cuesgly, an integration
method for data on the Web must be efficient, especially iftle¢thod is used in a
Web service that handles many requests concurrently.

— Data on the Web can be incorrect or inaccurate. Hence, oame, integration
methods should rely mostly on object properties that aratively accurate. On
the other hand, this justifies using, in Web applicationgraximation matching
algorithms,i.e., highly (but not completely)yccurate algorithms for discovering
corresponding objects.

Because of the above reasons, in this paper we considelidqeelsrthat start with
location-based matching algorithms and improve them. iRglgrimarily on locations
has the following three advantages. First, locations aveysd available for spatial ob-
jects and their degree of accuracy can be determined iathasily. Hence, location-
based matching algorithms can be applied to objects frompanyof maps. Second,
location-based methods are suitable for integration oféregeneous data, since it is
easy to compare a pair of locations even when they are stor@@asured in different
ways. Third, there exist efficient location-based matclatygprithms.

Location-based matching algorithms that are both effichemt effective were pre-
sented in the past [2, 3]. These algorithms only use locstionfinding corresponding
objects. Yet, in many cases, the accuracy of the integratiarbe improved significantly
by using attributes of the integrated objects in additiotot@tions. This is especially
important when dealing with data from the Web, where locetimay be inaccurate.
In this paper, we explain how to use properties of integratigigcts to increase the
effectiveness of location-based matching algorithms.

The main contributions of this paper are as follows. Firstpmplete process of
integrating data from maps on the Web is presented. Thisepsois efficient and gen-
eral, in the sense that it can be applied to any pair of maprisly, we show how,
in addition to locations, attributes of the objects can bexluis the integration process.
Specifically, we present three new matching algorithms tisat locations as well as
additional information. Thirdly, we describe the resulfsttiorough experiments, on



datasets with different levels of accuracy and completenasowing that additional
information can improve the results of location-based matg algorithms, when that
information is used appropriately.

The structure of the paper is as follows. In Section 2 we prismer methods using a
real-world example of integrating maps showing hotels sm3oho area of Manhattan,
New-York. We present our three new methods in Section 3. bti@e4, we provide
the results of experiments we conducted on both real-wald dnd syntactically gen-
erated data. Also, we compare our methods based on the mxgueal results. Finally,
in Section 5, we discuses related work and conclude.

2 Thelntegration Process

We start by presenting our approach to integration of data fmaps on the Web. We
do that using an example showing integration of informatibout hotels in the Soho
area of Manhattan, New-York. The data sources we used argl&Barttt and Yahoo
Maps. Google Earth is a service that provides a raster image afsilemy part of earth.
On top of the raster image it shows information such as rdastels, and restaurants.
In our example we are interested in information about hofeds hotels, Google Earth
provides their names. The names are links that lead to additinformation.e.g., by
following a link the address of the hotel is provided. A résafla search in Google
Earth for hotels in Soho is depicted in Fig. 1.

Yahoo Maps provides road maps for some major cities in thédwgis in Google
Earth, maps include touristic information; however, in ¥ahhotel names are not pre-
sented on the maps. Instead, a hotel is shown using an icoretibav square containing
ared circle, in the location of the hotel. The name of the lnartel additional informa-
tion such as the rank.é, number of stars) and price are available for one hotel at a
time. Two possible reasons for not writing hotel names omtlae are(1) making the
presentation of the map simpler and easier to read (capgbgracasons), anP) re-
stricting the information released per each user requeshat applications will not be
able to retrieve all the data from Yahoo to their local dasgb@ommercial reasons). A
result of a search in Yahoo Maps for hotels in Soho is depiicté&dg. 2.

It may seem a good solution to use, in the hotel scenario, ehimat algorithm that
consider as corresponding objects, pairs of hotels that ttessame name. However,
because names of hotels are not presented on maps from Yahoatching based
on names is problematic. Two other difficulties in using ho@mes in a matching
algorithm are the uncertainty in deciding whether two namedésr to the same hotel
and the presence of errors in the data. In our case, undgriaidue to the existence
of several hotels with similar names in the area we conskderinstance, consider the
following hotel names "Grand Hotel”, "Soho Grand Hotel” dfidibeca Grand Hotel”.
Are these the names of three different hotels or of only twfeint hotels? Another
case of uncertainty is when a hotel has more than one nantee Baho area, the hotel
named "Howard Johnson Express Inn” according to GooglehE&atnamed "Metro
Three Hotel LIc” in Yahoo Maps, and indeed these are two nashee same hotel.

4 http://earth.google.com
5 http://maps.yahoo.com



Fig. 1. A Map from Google Earth. Fig.2. A map from Yahoo Maps.

In this work we propose the following three-step integnatimocess(1) Retrieve
the maps, extract relevant objects from the maps and cortipitecation of the objects.
(2) Apply a matching algorithm for finding pairs of corresporgimbjects(3) Display
objects to the user (or return them as a dataset) where emati parresponding objects
is represented by a single object. Objects that do not betoagy pair of corresponding
objects may also be presented.

We now illustrate these steps using the Soho-hotels seenattially, a search for
hotels in Soho, New-York was made in both Google Earth ancd¥adWaps, and two
result images were retrieved (the images shown in Fig. 1 @&nd?lr The two images
that were found in the search were oriented using geo-metarg. Then, geographical
objects were generated by digitizing the maps, that is, &gtifly/ing in the raster images
icons of hotels and calculating the locations of the hotakel on the geo-referencing.
In this example scenario, hotel names were inserted by a inwser. In the future
we expect many maps on the Web to be in formats that computereasily process
without the need of human intervention. GML (Geographic ktiar Language) [1] is
an example of such a format.

The second step was to apply a matching algorithm to the twasdts that were
extracted from the maps. The result of this step consistaics pf objects that represent
the same hotel, and of singletons representing hotels gysaa in only one of the
sources. More details about the matching algorithm will ivergin the next section.

The final step of the integration is displaying to the userghis and singletons
produced by the matching algorithm. Before providing th&uhes, conditions can be
used for selecting which objects to display. Note that filigithe results at this step
makes it possible to apply conditions that use attributes fiooth sources.

3 Matching Algorithms

The most involved part of an integration process is the dsgoof corresponding ob-
jects,i.e, the matching algorithm. Several matching algorithms tis&t anly the loca-
tion of objects were proposed in the past [2, 3]. We now priegeae new algorithms



that are built upon existing location-based algorithms asel attributes of objects for
improving the matching.

3.1 Framework

First, we present our framework. dataset is a collection of geographical objects that
are extracted from a given map. Each object represents le seai-worldgeographical
entity and has a point location. (For an object that has a polygdregdes we consider
the center of mass of the polygonal shape to be the pointibwcaf the object.) The
distance between two objects is the Euclidean distancedestiheir point locations.
We denote bylistance(a, b) the distance between two objeatandb.

An object may have, in addition to location, attributes tt@ttain information about
the entity that the object represents. We distinguish betvieo types of attributes. An
attribute! of objects in a dataset is unique if every two objects inA have different
values forl, i.e, I is a candidate key. We consideasnon-unique if there can be two
objects inA that have the same value fbrFor example, in a dataset of hotels, the name
of a hotel is a unique attribute, since it is unlikely that thatels in the same vicinity
will have the same name. We consider rating (number of stargpn-unique, because
two proximate hotels may have the same number of stars. Whatidas of objects are
not accurate, we can improve a basic matching algorithm mgusiditional attributes.
If the additional information is correct, a unique attridwan be used for discovering
pairs of corresponding objects that the basic algorithis faimatch. Both unique and
non-unique attributes can be used for detecting pairs ofcmoresponding objects that
are, wrongly, deemed corresponding by a matching algorithm

In integration of maps, locations of objects are not aceyta¢cause the process of
extracting objects and computing their locations, by digig an image, introduces er-
rors. Furthermore, maps on the Web may not be accurate to iéhi. Thus, given two
datasetsA and B that are extracted from two maps, two corresponding objeetsA
andb € B may not have the same location. Yet, for each dataset, earersormally
distributed with some standard deviationSo, for 98.8% of the objects, their distance
from the real-world entity that they represent is less thaaqual t02.50. Hence, for
98.8% of the pairda, b} of corresponding objects, it holds thdistance(a,b) < £,
where = 1/(2.504)2 + (2.503)? is thedistance bound of A and B (04 andop are
the standard deviations of the error distributiongliand B, respectively). In our algo-
rithms, pairs{a, b} with distance(a, b) > § are never deemed corresponding objects.

A matching algorithm receives a pair of datasétend B and returns two set®
andS. The setP consists of pairda, b}, such thats € A andb € B are likely to be
corresponding objects. The setonsists of singletonss} (wheres € AUB) such that,
with high likelihood,s does not have a corresponding object. Location-based imgtch
algorithms compute the sefdandS according to the distance between objects.

3.2 TheNew Matching Algorithms

We now describe three new algorithms that receive an egistiatching algorithm\1
and improve it by using the information provided by some fjstattributes. We di-
vide the input to these algorithm into two parts. One parsesina of two datasetd and



Pre-Qi, x1(A, B)

Parameters: A matching algorithmM, a set ofunique attributesX
Input: DatasetA andB
Output: A setP of pairs and a se® of singletons

Post-Ruy, x1(A, B)

P —0,S—0,A—AB B
. let be the distance bound #f andB
. for each a € A andbh € B such that.x = b.x for some attributex € X do
if distance(a, b) < 8 then
P —PuU{anb}
: A — A —{a},B' — B’ — {b}
(P, S") «— M(A',B)
P —PUP,S—S
return (P, S)

1
2

4

Parameters: A matching algorithmM, a set of attribute
Input: DatasetsA andB
Output: A setP of pairs and a se® of singletons

3:

Pre-l-fo,M (A, B)

. (P,S) «— M(A,B)

: for each {a,b} € P such that.x # b.x for some attributex € X do
P —P —{ab}

:return (P, S)

In

Parameters: A matching algorithmM, a set ofnon-unique attributesX, a factorg

Output: A setP of pairs and a se® of singletons
1:
2:

3:
4.
5:

6:
7.

put: DatasetdA andB

P—0,S—0

let distance,(x,y) be a new distance function that, initially, is equal

distance(x, y)

for each a € A andb € B such thaf.x # b.x for some attributex € X do
distance, (a, b) < ¢ - distance(a, b)

let M,, be the matching algorithrd\{ when run using the distance functig

distance, (X, y) instead of using the Euclidean distance functigstance(X, y)

(P,S) —« M,(A,B)

return (P, S)

to

>

Fig. 3. The algorithms Pre-process detection, Post-process removal esmid®ess factorizing

B that should be joined. The second part consistdffa setX of the given attributes
and, for the third algorithm, an additional facter We denote byP and .S the set of
pairs and the set of singletons, respectively, that therigfgos return. The pseudocode

of all t

hree algorithms is presented in Fig. 3.



Pre-process detection (Pre-D)

The Pre-D algorithm uses unique attributes for detecting corresjpandbjects, and
then it calls another matching algorithm on the remainingpats. The algorithm has
two steps.

1. For each pair of objects € A andb € B, such that: andb have the same value
for some unique attribute of and the distance between them does not exceed the
distance bound oft and B, the pair{a, b} is added taP, a is removed fromA and
b is removed fromb.

2. The matching algorithm\1 is applied to the remaining objects dfand B. Upon
termination, the pairs of the result are addedtand the singletons—t8.

Post-process removal (Post-R)
The Post-Ralgorithm uses a set of attributés for detecting pairs of objects that are
erroneously matched by another algorithm. Ruest-Ralgorithm has two steps.

1. The matching algorithmM is applied toA andB. The result is a se® of pairs and
a setS of singletons.

2. For each pair of objects:, b} in P, such that andb have different values for some
attribute of X, the pair{a, b} is removed fromP.

Pre-process distance factorization (Pre-F)

The Pre-Falgorithm uses a set of non-unique attributes as follows. For every pair of
objectsa € A andb € B that have different values for some attribute’ofthe distance
betweena and b is multiplied by the given factory > 1. Note that increasing the
distance between objects lowers the probability that thiéjoermatched by a location-
based algorithm. The algorithi uses the new distances to joinand B.

In our experiments, we tested eight different combinatiofitte above algorithms.
Suppose that the séf contains the shared attributes of two datasétand B. Let
unique(Y") andnon-unique(Y') be the sets of unique and non-unique attribute¥ pf
respectively. Given a location-based matching algorithinthe following are the eight
possible ways of computing the matchingAfnd B.

Use only the location based algorithi, i.e., returnM (A, B).
UsePost-Rwith M. That is, returrPost-R y(A, B).
UsePre-Dwith M. Thatis, returnPre-D ,; uniquey (4: B)-

CombinePre-DandPost-Ri.e, return Post- _ )
i Rpre D[M,umque(y;]”q(
UsePre-Fwith M. Thatis, returrPre-F; non-uniquey),e) (4 B)-
CombinePost-Rwith Pre-Fi.e., returnPost- _ . A, B).
Rpre Em,non—unlquem,zpyy]( )
CombinePre-Dwith Pre-F That is, return the result of the following expression:
Pre- i A, B).
Bp re"T_M,non-unique<y>,¢]’u”'que(y)]( )
8. Combine all the three methods by applyiBge-F Pre-0 M and, finally, Post-R
i.e., returnPost-Rpre_p A, B).
[Pre"fM,non-uniquem,@

A, B).

N o MwbhpE

uniquen Y



3.3 Computing the Distance Bound

Applying a matching algorithm requires knowing the disebounds (or an approxi-
mation of it). The approximation gf is computed based on approximationsrafand
op—the standard deviations of the error distributions in thtegrated datasets (see
Section 3.1). The values, andop (we also call them therrors of the datasets) are
sometimes provided with the maps, and in other cases we oestitnate them.

The error of a dataset is caused by errors in the proceduletting and process-
ing the geographical data. The procedure is different whesreating raster (imagery)
maps and when vector (feature based) maps are producedl{$der more detailed
descriptions of these procedures.)

Raster maps are typically generated from satellite or bghiatographs. There are
three main causes of error in the process of creating rastps nfrirst, errors are intro-
duced when the photos are orthorectifiexi when correcting the photos to accurately
represent the surface of the earth. Second, the size ofsthks jim the photo affects the
error. Currently, a resolution of 70cm per pixel at nadirdanenon in satellite photos
(e.g., in the two main high-resolution commercial earth-obséovatatellites IKonos
and QuickBird). The first two factors are relatively smaltidhe main cause of error is
the third factor which is the accuracy of the geo-referegipirocess.e., the accuracy of
matching earth coordinated to the photo. The accuracy aj¢loereferencing depends
on the existence and accuracy of reference points. When arerefe points exist, the
accuracy is about 10 meters, while when there are refereoicéspthe accuracy is
about 1-10 meters, depends on the accuracy of the referemte.fExtracting features
from the raster imagee(., identifying the location of an hotel) also introduces an er-
ror which is approximately the number of pixels of the errmothe extraction process
multiplied by the resolution.

Vector maps are usually created either by governmental mg@gencies, or by
commercial companies, according to an agreed mappingastanthe standard defines
accuracy requirements that depend on the map scale. Thypiwal urban areas, map
scales are between 1/1000-1/10000. Normally, the reqaicedracy for such scales
is about 0.3-0.4mm. This means that at a scale of 1/1000,rtheis about 0.3-0.4
meters. At a scale of 1/10000, the error is approximatelyrBeters.

3.4 Measuring the Quality of the Result

We userecall andprecision to measure the accuracy of a matching algorithm. Remem-
ber that the result of a matching algorithm consists of sétgletons and pairs). A set
is correct if it is either a pair of corresponding objects @irgle object that has no
corresponding object. Given the result of a matching algorj the recall is the ratio of
the number of correct sets in the result to the number of atbcbsets. For example, a
recall of 0.8 means that 80% of the correct sets appear irethatr The precision is the
ratio of the number of correct sets in the result to the nunobeets in the result. For
example, a precision of 0.9 means that 90% of the sets in Hdt i@re correct.

In our experiments, we knew exactly which sets were cornedt bence, were able
to determine the precision and recall. For synthetic dat#ha information about the
data was available to us. For real-world data, we deterntimedorrect sets manually,
using all the available information.



4 Experiments

In this section, we describe the results of extensive expanrts on both real-world and
synthetically generated data. The goal of our experimems o compare the eight
combinations, presented in Section 3.2, over data withingrievels of inaccuracy
and incompleteness. We also wanted to determine by how mucimethods improve
existing location-based algorithms. For that, we testedetffect of our methods on
the following three location-based algorithms: nearesginbor (NN), mutually-nearest
(MUTU) and normalized-weights (NW); see [3] for a descriptiaf these algorithms.

4.1 Testson Real-World Data

We present the results of integrating the maps
of hotels in Soho as described in Section 2. The
Google-Earth map presents 28 hotels and the map
from Yahoo Maps presents 39 hotels and inns. A
total number of 44 hotels and inns appear in these o=
sources, where 21 hotels appear in both of the .
sources while 23 appear in only one source. For
both sources, we used an erref) Of 100 meter 3
because identifying the location of an hotel based °! [sfs}z[+[ Js}s}2/:
on an icon is highly inaccurate. ™ ™

Figure 4 shows the harmonic mean of the re-
call and precision (HRP) for the three location-
based algorithms (NW, MUTU, NN). Each one of
the three algorithms was tested according to the first foorioations of Section 3.2.
(The other four combinations are not applicable, since tilg attribute, hotel name,
is unique.) The third combinatiorRre-0} is clearly the best for each of the three al-
gorithms. It is slightly better than the fourth combinatievhich includes bottPre-D
and Post-R since the attribute hotel name is not always accurate, @ng. hotel has
different names in the two sources). For comparison, Figuakso shows the result of
matching just according to hotel names. Note that for coativns 2—4, the process
was semi-automatic, since hotel names do not appear in Ydlaps.

[[TTTTT]

Fig. 4. Tests on real-world data

4.2 Testson Synthetic Data

In order to test our methods on data with varying levels ofieacy and incompleteness,
we randomly generated synthetic datasets using a two-stepss. First, the real-world
entities are generated. The locations of these entitiemadomly chosen, according to
a uniform distribution, in a square area. Each entity hasumigue attributd/ and one
non-unique attributév with randomly-chosen values. The non-unique attributefikias
possible values (as for the number of stars of a hotel). Irso®nd step, the objects
in each dataset are generated. Each object is associatea wistinct entity and its
location is chosen with an error that is normally distrilslifeslative to the location of
the entity). In each dataset, different objects corresgondistinct entities. For each
object, the attributé’ has either the same value as in the corresponding entity(foul
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incompleteness) or an arbitrary random value (for inaayyraVe denote by(U) the
percentage of objects that have a non-null valuelfand bya(U) the percentage of
objects that have either the correct value or null. Valuessanilarly assigned tév.

We present the results of two tests. In Test |, the valuesehttributes are either
accurate or missing (i.e., null). In Test II, all the objelts/e values fot/ and IV, but
some of those values are inaccurate. In both tests, thergO@€& entities in a square
area of1350 x 1350 meters with a minimal distance of 15 meters between entities
Each dataset has 750 objects that are randomly chosen fenfifi@s using a standard
deviation ofc = 12 meters for the error distribution. In Test I, the attributesach
dataset have either the correct values or nulls as folle&:)) = a(N) = 100%,
c(U) = 40% andc(N) = 60%. That is, only 40% of the objects have the correct value
for the unique attribute and only 60% of the objects have thieect value for the non-
unique attribute (if the value is not the correct one, thes fitull). In Test Il, attributes
always have non-null values but not necessarily the coares, i.e.¢c(U) = ¢(N) =
100% anda(U) = a(N) = 80%.

In Test | and Test I, we tried the eight combinations of S#t8.2 with each of the
three algorithms. The results, depicted in Fig. 5 and. 6ughe harmonic mean of the
recall and precision for the eight combinations involviregle algorithm. Each bar is
for the combination identified by the number on that bar. Feonparison, we also show
the result obtained by a matching algorithm that only usesutiique attribute (Name).

Test | shows that when information is partial but accurdte,dighth combination
that uses all of the three algorithmBré-0) Post-RandPre-F is the best. Test Il shows
that when information is inaccuratBpst-Ris not effective (as was also the case for the
real-world data) and it is better to use jU&te-DandPre-F(the seventh combination).

Figures 7 and 8 show the performance of the NW method for ngrigvels of
completeness and accuracy. In Figure 7, the accuracy vaegsi(U) = a(N) =
70% . ..100%, and the completeness is fixed, ¢(U) = ¢(N) = 100%. In Figure 8,
the completeness variés., ¢(U) = ¢(N) = 40% . .. 100%, and the accuracy is fixed,
i.e, a(U) = a(N) = 100%. In each graph, the serial number refers to the combina-
tion that produced the graph. Note that the results of onlyethods (1,2,3,5,7,8) are
presented, since the other two are inferior.

The followings are our conclusions from the tests.

1. When there is anique attribute, it is always good to identify pairs and remove
them from the matching algorithm (Method 2).
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Fig. 7. Results of NW for varying accuracy Fig.8. Results of NW for varying completeness

2. When there is a non-unique attribute, it is always good &fastorized distance
(Method 5).

3. Although additional information improves the qualitytbé results, the main factor
that determines the quality is still the location-basedathm.

4. When the attributes are not accurate, using the additiaf@mation before the
matching improves the quality of the result. But using ieafthe location-based
matching has a negative effect, for the following reason.|giere is only a low
probability that two proximate yet non-corresponding clbgehave the same value
for a unique attribute,there is a considerably higher poditathat two correspond-
ing objects have different values for some unique attribute

The tests show that in all cases using additional attribetterk applying a location-
based matching algorithm improves the quality of the resélpplying additional in-
formation at the end yields an improvement only if that infiation is accurate.

5 Conclusion

Traditionally, integration of geo-spatial data is beinghdaising map conflation [13,
6]. However, map conflation is not efficient since whole magsiategrated, not just
selected objects. Thus, conflation is not suitable for Welliegtions or in the context
of mediators [4, 12, 19, 20] where users request answerstifgpqueries. Integrating
spatial datasets using only geometrical or topologicabertes [2, 3, 14] or using only
alpha numeric attributes [9, 10], both do not use all thelalsbg information but can be
combined using the approach we introduced in this paper.

Other approaches use both spatial and non-spatial agsilfetg. [7, 15, 17]). How-
ever, these approaches some time remain on the schemarker than actually
matching the objects, such as [7], or has large computdtimmds [15, 17].

In this work we showed how data from maps on the Web can beratted) using
location-based algorithms, and how to utilize informataaiditional to location when
such information exists. We presented three new matchiygrithms and tested them
on data with varying levels of incompleteness and inacgutaterestingly, our exper-
iments show that when the additional information is acaurashould be used both
before and after the location-based matching process. Wigesdditional information
is not very accurate, the information should be used onlgrgo the location-based
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matching process. Our experiments show that the new abgasitmprove the existing
location-based matching algorithms.
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