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An algebraic approach to automated information fusion

Abstract This paper presents a new technique for information fusionlike most

previous work on information fusion, this paper explores tise of instance-level (ex-
tensional) information within the fusion process. This@aproposes an algorithm that
can be used automatically to infer the schema-level strectacessary for information
fusion from instance-level information. The approach ligsirated using the example
of geospatial land cover data. The method is then extendepdiate under uncertainty,
such as in cases where the data is inaccurate or imprecisgaper describes the imple-
mentation of the fusion method within a software prototylpimally, the paper discusses
several key topics for future research, including applices of this work to spatial data

mining and the semantic web.



1 Introduction

Information fusionis the process of integrating information from diverse searto pro-
duce new information with added value, reliability, or it§il Information fusion is a
basic function of any information system. The key problenadhieving information
fusion is matching the diverse semantics of categories alationships in the different
information sources. This paper presents a new approacisinfthat is able to exploit
knowledge of such semantics derived frimstancesn the data, rather than relying on
matching semantics using definitions of the categoried-oteiined ontologies.

To illustrate, if all instances of “swamp fens” in databatare classified as “inland
marshes” in databadge, we might infer that the category “inland marshes” subsuthes
category “swamp fens.” Although this example is grosslymified, more sophisticated
instance-based analysis can be achieved if the instangesi@re structure. Of partic-
ular relevance to this paper is the structure imposed bypgeias location (i.e. we have
information about where the swamp fens and inland marsheleeated).

In this paper we set the scene in section 2 with an overviewefpproach taken
in this paper and relevant literature. Section 3 presemtsrtbdel and algebraic basis
for instance-based information fusion, followed by a warlkexample in section 4. The
process of reasoning from specific cases to general ruleism the example above) is
termedinductive inference Inductive inference can be unreliable, particularly veher
instance-level data is uncertain (for example, if someaimsgs are incorrectly classi-
fied as “swamp fens” or “inland marshes”). Consequentlyvéiig for uncertainty is
a consideration in the instance-based fusion processessklt in section 5. Section 6
contains a discussion of key implementation issues andigéen of a fusion system
software prototype. Finally, section 7 concludes the papttra summary and road map

for future work.



2 Background

The semantics of an information source may be described) @sinontology (defined
as “an explicit specification of a conceptualization,” Geyhl993). The task of fusing
information compiled using different ontologies is a clegsproblem in information
science (see Sarawagi, 2002). This problem continues ta be@ortant research issue
within many topics, including schema integration in dat#sa(Kim and Sea, 1992; Lak-
shmanan et al., 1993; Sheth and Kashyap, 1993); semargimbeneity in interoperabil-
ity (Vckovski, 1998; Sheth, 1999); schema matching in theaic web (Berners-Lee
et al., 2001; Doan et al., 2002); mediators (Wiederhold,2128Iman, 2000; Tzitzikas
et al., 2001); ontology-based information integration rit@a and Wille, 1999; Guarino,
1998; Guarino et al., 1999; Fonseca et al., 2002); knowledgeesentation (Calvanese
et al., 1998); and data warehousing (Widom, 1995; Zhou £1985).

The overwhelming majority of existing techniques for infation fusion are not au-
tomated, and focus solely on the ontological schema itself Vache et al., 2001, for a
review of ontology-based information fusion). Automatisiinard to achieve because the
semantics of information are difficult or impossible to psety define. Some techniques
have been developed for automating ontology integraticed®n natural language pro-
cessing of schemas or schema descriptions, or throughsémalfythe structure of the
schema (see Rahm and Bernstein, 2001, for a survey of thelseidees). However,
these techniques are typically only applicable to relativerrow application domains,
and are unable to account for the mismatch between how iafitom is defined and
structured in an ontology and how information is actuallgdién practice. As a result,
most studies of the application of ontology integratiorhtéques to practical domains,
such as geographic information (e.g. Kavouras and Kokl@22Worboys and Duck-
ham, 2002), are at best partially automated and rely on leggid of human application
domain expertise to define the mapping between the ontalagidifferent information
sources.

Conventional information fusion techniques, which focalely on schema-level (or



intensiona) information about the definition and structure of an infation source, ig-
nore a valuable source of instance-leveldgrtensionglinformation about how concepts
defined in the schema are actually used in an informationcedigahm and Bernstein,
2001; Berlin and Motro, 2001). A handful of techniques haeerbdeveloped that are
able to exploit such instance-level information. Doan aalfaborators have explored
using machine learning and probabilistic models to idgritie most likely mappings
between elements in the schemas of the information souwrdesintegrated (Doan et al.,
2000, 2002). Li and Clifton have developed a technique thstt ¢lassifies patterns of
structure and values within instance-level informatiod &men uses the classifier algo-
rithm to train a neural network to identify similar elemenitghin an information source
schema (Li and Clifton, 1994, 2000). In this paper we preaamw technique for auto-
mate the fusion process using instance-level informabahbased on an algebraic rather

than a probabilistic approach.

2.1 Overall approach

We can summarize our approach and contrast it with other workformation fusion
using Figures 1 and 2. Most previous work on informationdogs concerned primarily
with integrating the schema-level definitions (ontologf/information, as shown in Fig-
ure 1. This process typically requires high levels of humamain expertise to identify
the shared ontological structure between the differenémsets. For example, in order
to fuse two different land cover maps of a particular regmmlomain expert would be
needed to identify the schema-level relationships betviieerontologies for those two
maps. The fusion process would then proceed based on thaidexpert's knowledge,
such as the knowledge that the class “Forest” in one map isaime as “Woodland” in
another map.

By contrast, the approach taken in this paper is to use bbinsa-level definitions
and instance-level examples within the information fugioocess, shown by Figure 2,
which includes all of Figure 1. Automated pattern recognittechniques can be used

to identify shared structure within the instance-levelregtes, such as shared lexical,
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Figure 1: Summary schema-level information fusion

geometric, or topological structure. This shared instdeeel structure may then be
used to infer shared schema-level structure. Continuiadgtid cover example above, if
we happen to notice that all the “Forest” regions in one mag"afodland” regions in
the other map (instance-level structure) we might infet the land cover class “Forest”
is subsumed by the class “Woodland” (schema-level straituNote that potentially
any instance-level structure may be used to drive this ggc&€he common geospatial
coordinate systems of maps provides an ideal structure.thi®reason, and because
information fusion is a high-profile problem for geograpimformation science, most of
the examples in this paper concern geographic informatidowever, the approach is
not limited to fusion of geospatial information, and the fisection indicates some other
non-spatial application areas are being explored.
In summary, the two main advantages of using instance-ief@mation in addition

to schema-level information in the fusion process are:

1. How concepts are defined is not necessarily the same ahbpware used. Only by
looking at instance-level information can we determine loowcepts are actually

used.

2. Instance-level information forms a rich source of exashat can be used to au-
tomate part or all of the fusion process. Understanding ¢neasitics of schema-
level information requires human expertise in all but theramaest problem do-

mains.
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Figure 2: Summary of schema- and instance-level informétision

3 Fusion construction

This section provides an algebraic specification of ourdiusilgorithm, based in part on
Worboys and Duckham (2002). The earlier paper presentggabra of information fu-
sion where schema-level information is related throughdtfanition of a set of “atoms,”
which define the indivisible classification elements userklate two schemas. The ap-
proach presented below represents a significant step forfnan this earlier work, be-
cause the construction presented here requires no atoragprotess of atom definition
in Worboys and Duckham (2002) requires domain human eseeréind so developing
an atomless model is a prerequisite for automating theriysiocess.

At certain points, the following material uses some statdasults from algebra
and lattice theory. Readers who are not familiar with thegecs may find it helpful
to refer also to section 4, where we provide a concrete woekasinple of the fusion

construction.



3.1 Classifications

The first step is to define a classification of a region. Theoregs assumed to be parti-
tioned into a finite number of blocks. Then, a classificat®an assignment of a value
in a classification structure to each block of the partitidle further assume that the
classification structure is a finite join semilattice, sa #sch pair of classes has unique
minimum class that subsumes them both. This assumptionemttiat each classifica-
tion structure has a top elememt A join semilattice is necessary in order to obtain
the properties of the fusion construction, discussed bétogection 3.7. Sometimes,
it is convenient to add or include a bottom eleménto the semilattice. There is an
elementary result that every finite join semilattice withs a lattice.

So, let X be a region, angart(X) be the set of all partitions of the region. A
classificationof X is a tuple

C=(X,P,T,g)

where functiong : P — T', P € part(X), andT is a join semilattice, with top element
T. Unless otherwise stated, we assume below #as fixed. In that case, we may

unambiguously express a classification as

C=(P,T,g)

3.2 Morphisms between classifications

LetC, = (P1,T1,g92) andCe = (P», T, g2) be two classifications. Suppose there are

functions,r : P, — P andr : T, — T3, such that

1. 7 preserves semilattice joins.

2. Forallp, € Py, 7gam(p1) > g1(p1)

The first two conditions are structure preserving, whiledition 3 is a weak form of
commutativity. If these conditions are satisfied, we say thare is amorphismy =
(m,T) : C; — Cq. The arrow diagram below shows the morphism configuratidwdsen

two classifications.
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Two classificationg’; andC, areisomorphicif there exists a morphism = (7, 1) :
C1 — (s such that inverse functions™! and7~! exist with the property that = =
(m=1, 771 Cy — (C; is also a morphism. We writé; = C,. Note that in this case,
g1 C 1gom C 7 lrgemn™! = g1, and so the full commutativity conditiomgam = g1

holds in this case.

3.3 Extensional forms of classifications

It will be useful in what follows to work with classificationshere the classification
semilattices are built out of the blocks of their partitioR®rmally, let classificatiod =
(P, T, g) be given. Defind” = (Im(g)) to be the join sub-semilattice @f generated by
Im(g), wherelm(g) denotes the image of functian Let functiong’ be the restriction
of g to codomain?”. Then, there is an obvious morphism frém= (P, T, g) toC’ =
(P,T', ).

We are now ready to construct the extensional form of thesifieation. The key
observation is that each € 7" may be represented uniquely as the join of all elements

of Im(g) less than or equal te. Define theextension functiore, as:
e: T — P(X)

e:x+— \/ g 1(y) wherez = Y
y€lm(g),y<t yelm(g),y<t

Now defineC = (P,T,g), whereg = eg’ andT = Im(e). By the uniqueness of the
join constructione : 7/ — T is an injection, and therefore a bijection. It is also easy
to check thak preserves joins. S6 = C’, and there is a morphism frotito C. The

classificationC is called the extensional form of classificatién



3.4 Regular classifications

The extensional form of a classification constructed abowe $ense gives the classifi-
cation pared down to its essential form. Elements in the Is¢tioe that are not used or
distinguished in the classification are eliminated or merigethe extensional form. In
some cases, we wish to work with a classification that is dyrea of its inessential
elements. This is expressed by the following definition. @sslfication is calledegular

if it is isomorphic to its extensional form, that §,= C.

3.5 Refinement classifications

A partition P’ is arefinemenbf partition P whenever the following condition holds.
Vp'e PPIpe Pp Cp

We may note that suchzais unique.
Given a refinemenP’ of P and a classificatio@ = (P, T, g), we can construct a

classificationC’ = (P', T, ¢'), as shown in the following arrow diagram.

!

p 2T
1
p 2.
Functionr assigns to each € P’ the uniquep € P containingy’. Is is easy to see that
7 is an inclusion-preserving surjection. Functigiiis defined to bgz. The pair(r, id)

is clearly a morphism frond’ to C.

3.6 Integration of two classifications

In this section we work with regular classifications. (If ttassifications are not regular,
then we use the methods described above to regularize thieisipibcess removes and
merges only redundant elements, so nothing crucial is) I&ippose we are given two
regular classifications}; = (P, Ty, g1) andCy = (P, Ty, go). From abovel; = C;

andC, = C,, and so we can work with the integration of the extensionah® In fact,

10



because of these isomorphisms, we will assumethand(C, are already in extensional

form, and so drop the overline symbol. The overall arrow diagis below:

TN = NeT 22— T

g1 T Tm g2 ng

P pPeoP 2P

We begin by constructing the product partitibh ® P, defined in the usual way as:

P @ Py = {p1 Np2|p1 € P1,p2 € Po,p1 Np2 # 0}

wherer; mapsp € P, ® P, to the uniquep; € P; containingp. The product partition
P, ® P, is a refinement of bottP, and P,, and will be our integrated partition, upon
which the fused classification is basel, ® P, comes with two inclusion-preserving,

surjective projection functions:
m: PP, — P

T PL® Py — Py

The classification functiop; ® ¢ is defined by the rule,

g1 ® g2 : p1 N p2 — gi1p1 N gop2

The basis upon which; ® T5 is constructed i$m(g; ® go) UT; UT5. It may happen that
this partial order is not a join semilattice, as two elemendéy have more than one min-
imal upper bound. The unique smallest latticeontaining a partial ordeP as a subset
is a standard construction of lattice theory, called thedbaui-MacNeille completion
and written. = DM(P) (Gratzer, 1978). Therefore, the integrated taxondmw T»

is constructed as:

T T, = DM(Im(g1 X 92) uT U TQ)

The integrated classification is defined by

Ciel= (P PT @1 ® g2)

11



The diagram makes clear that there are morphisms ffpm C, to C; andCs. We just

need to observe that

91 ® ga(p1 Np2) = g1p1 N g2p2 C gip1 = T1g1m1(P1 N p2)

and

g1 @ g2(p1 Np2) = gip1 N g2p2 C gap2 = T1g2ma(p1 N P2)

3.7 Properties of the integration operation

This section considers some of the fundamental formal ptigigeof the integration op-
eration. As in the previous section, we assume that theifitad®ns have already been
pared and are therefore regular. We begin by constructiadaifowing unit classifica-
tion

U = (Pu,Tu, gu)

where P, is the partition{ X'}, T;, is the join semilattice containing a single element,
say, andy, mapsX to T.
Suppose we are given two regular classificatichss (P;, 71, g1) andCo = (P, Ts, g2).

Then, we have the following properties:

CiRC=Ca®( 1)
(Cl & Cz) ®RC3=C1® (C2 & CB) (2)
CioU=C 3

In other words, the collection of all classifications (dtyicall equivalence classes of
classifications under classification isomorphism) has ldpebaaic structure of a monoid.
Achieving these properties, which have a direct bearingraatjzal implementation of
the construction, was a key goal during the developmentefukion construction. To-
gether the commutative and associative properties (emgfi and 2) ensure that for a
set of classifications, the fusion construction will proelilce same product irrespective
of the order in which these classifications are integratduaisTthe results of fusing two

data classifications are suitable for inclusion in furthesidn operations. The identity

12



property (equation 3) ensures fusing a classification waighunit classification (the iden-

tity element) results in fusion product that is unchangednfthe input classification.

3.8 Adding extra relations

The approach so far has been to allow the instance informafia classification to in-
fluence the classification structure. So, for example, ittha& region classified as value
t is contained in the total region associated with cidsthen we infer that’ subsumes
t. We may additionally allow direct relationships betweeassifications to influence the
structure of the integrated classification. This abilityngortant if we are integrating
classifications in which we have not only instance inforomatbut also direct knowledge
about subsumption relations between elements of the tvasifilzation structures. The
formal mechanism for constructing a new classification & tif a quotient structure.

Formally, letT' be a finite join-semilattice. We have noted above that a fjoite
semilattice with L is a lattice, so we can considérto be a lattice. Suppose, there is
given an extra subsumption relationship< ¢/, wheret,t’ € T. We can rewrite the
relationship ag At/ = tort Vvt = t'. Considert At' = t. Construct a relatioss’ on
T, wherex =’ y iff forsomez € T, (x = z Atandy = z At A t'). Now, let= onT be
the reflexive, symmetric, transitive closure=of. It follows that= respects lattice meets,
and so by basic lattice theory a quotient latticé = may be constructed, which is the
lattice that takes account of our original subsumptionti@iahipt < ¢'in T'.

Notice, that if we had begun with the equatiovit’ = ¢’, we could have made a dual
construction with a quotient lattice as result. Howeves tattice may not be the same
as the former quotient lattice. Indeed, we could use bothdimeand meet equations
to get a third and possibly different result. The issue herthat we are revising our
assumptions about subsumption relationships (giveh)ilased on new information.
The way that this new information is incorporated will leaddiffering results. Our
choice of construction depends upon the context. We exphl@raémplications of this

result in the section 4.1.

13



4 Example application

To illustrate the fusion construction we provide a concetample application, using
two hypothetical land cover data sets. The aerial photdgmag-igure 3 shows several

different types of land cover in the region of Oldtown, MaikkSA.

Figure 3: Aerial photograph of Oldtown, ME (Source: USGSaémagery)

We now suppose that two different individuals or organati have produced land
cover maps of this region, using different ontologies. ®iligation is very common for
geographical information. Figures 4 and 5 show the taxoasrand the resulting maps
for these two data sets.

Referring back to the algebraic fusion construction in trevjpus section, the entire
region isX; the land cover maps on the left-hand sides of Figures 4 and &ha par-
titions P, and P, of the regionX; the taxonomies on the right hand sides of the same
figures are the join semilattic§§ andT5. The relation between each taxonomy and the
corresponding map is provided by the key (i.e. the shaditigwe in both the map and
the taxonomy) and is represented formallydgyandg,. Note that only the leaf classes

of a multi-level taxonomy are represented in the map (e.gretlare no regions labeled

14
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Figure 5: Land cover classificatigqi, s, g2) for Oldtown region

“Vegetation” in Figure 4). This is conventional for land emmaps, but is not a require-
ment of the formal model. By labeling partition elementshgsihe numbers in Figures
4 and 5 and labeling elements of each taxonomy using theditst lof the correspond-
ing land cover class (so “Urban” becom&s, the two classifications can be expressed

formally as:

P ={1,2,3,4,5,6,7,8,9,10}

Py = {11,12,13, 14, 15,16}

T, ={T,B,C,I,0,R,V,W}

Ty ={T,A F,H,S U}
g1:1—-C2—~0,3—W4—0,5—1,..,10—C

go: 11— A 12— S 13— H, 14— U, 15— F,16 — S

15



Figure 6: Product partitiod; ) P»

The product partitionP; Q) P, is shown in Figure 6. The two projection functions

are given by:

m 17— 1,18— 2,19 — 2,20~ 3,21 — 5,...,30 — 6

mg : 17+ 12,18 — 11,19 +— 12,20 — 13,21 — 14, ...,30 — 14
The next stage is to build the extension functiengndes:

er: T+— P,Bw—{57}Cw—{1,9,10},I — {5},...,W — {3}

ex: T Py, A {11}, F — {15}, H — {13},....U — {14}

The extensional classificatio® = (P;,T1,77) andCy = (P, T5,32) can now be
defined, withTy = e1(T1), To = ea(Ts), g1 = e191, andgz = eago. In this example,
our input taxonomied’, and7) are already regular, so are isomorphicioandT,. As
a consequence, we again drop the overline notation in dvagythat follows.

The classification functiog; ® g- is constructed as follows:
g1 ®go: 17+ {1,9,10} N {12},18 — {2,4,6} N {11},...

The integrated taxonomy is then constructed as the DedékamNeille completion
of Im(g; ® g2) U T1 U Ty, shown in Figure 7. For ease of reference, all of the tax-

onomies in Figure 7 has been relabeled with letters from tiggnal classifications’y

16



and Ty replacing extensional labels. For example, from the démiabove we know
that{2,4,6}N{11} = {11} isinIm(g; ® g2). Consequently, in Figure 7 the extensional
element{11} has been relabeled assincees(A) — {11}.

Some new labels have been introduced to Figure 7 to labelsméweire no suitable
label exists inl} or 75 (e.g.OU is the meet ofD andU). Figure 7 also shows all labels
where classes are identified as equal (8)§g.= H). Note that a bottom element,,
and element/V have been added Im(g; ® g2) U T} U T5 by the Dedekind-MacNeille
completion to ensuré; ® T> is a lattice. Figure 8 illustrates the full fusion constrant
based on the commutative diagram at the beginning of 3.6aandtated with example

mappings for one element of the product partition (elem®nt 1

Figure 7: Integrated taxonomy lattidé ® T,

Finally, Figure 9 shows the fused data set in a conventicarabgraphic form.

4.1 Incorporating intensional knowledge

The fusion example discussed above is entirely instanseeband so can be completely
automated (see section 6). As such it represents an impadaance over conventional
manual information fusion techniques. Based on extenkiof@mation about parto-
nomic relationships between instances of land cover dagsg. “region 5 is part of
region 14”), the fusion construction is able to infer taxono relationships between the
land cover classes themselves (e.g. “Industrial is subdlbpéJrban”). There are many
such taxonomic relationships shown in the derived taxononfiigure 7.

However, a central feature of the fusion construction isabiity optionally to in-

17
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Figure 9: Fused land cover map

clude prior knowledge about the intensional relationshigsveen taxonomies (see sec-
tion 3.8). Returning to the land cover fusion example, asswa already possess in-
tensional knowledge about the taxononiigsandT; that the clasg’ (“Closed”) is sub-
sumed by the clads (“Urban”). The quotient lattice induced by the equatonU = C

is shown in Figure 10. The dual construction of the quotiatitde induced by the equa-
tion C v U = U is shown in Figure 11.

Some categories in Figure 10 have become identified with ¢t elementl,
specifically £ and C'S. The quotient lattice in Figure 11 does not result in any such
identifications. Instead, one category in Figure ¥1,has become identified with the
top elementT. Which construction is most appropriate will depend on thkahce of
requirements for a particular application. The intuitieghimd the different structures is
that the meet quotient lattice (Figure 10) produces resaétsare morenformative in
the sense that categories can never become identified withgeaeral categories. Con-
versely, the join quotient lattice (Figure 11) producesiltsghat are moreonservativén
that categories can never become identified with more speeifegories. Consequently,

no category in the join quotient lattice can ever becomecatem with bottom, L.

19
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Figure 10: Revised taxonon®; ® T»/ = incorporating prior knowledgé' AU = C

Figure 11: Revised taxononi; ® T/ = incorporating prior knowledgé' v U = U

5 Uncertainty

The fusion technique described above rests on the simudifgissumption that exten-
sional information used to drive the inference processrifepeand certain. Imperfection
is endemic in geographic information, as it is in many otlypes of information, and
leads to uncertainty. Two important classes of imperfectioextensional information
areimprecision a lack of detail or specificity in information, araccuracy a lack of
correlation between information and the actual state airafin the world (see Duckham
et al., 2001).

For example, to simulate inaccuracy Figure 12a shows atlligbvised version of
the partition in Figure 5, where some of the boundaries haem Iperturbed slightly. As
a result of these perturbations, many additional polygawe been introduced into the
product partition (Figure 12b), often referred to in the Gt&rature assliver polygons

because of their long thin geometry.

20



a. Inaccuracy simulation  b. Revised product partition

Figure 12: Inaccuracy in extensional information

The effect of the inaccuracy on the resulting fused taxonasyshown in Figure
13, is dramatic. This new taxonomy is much less useful thatittiginal classification
shown in Figure 7 as most regions are now simply classifiechbymeets of classes in
the original classifications. In addition, the DedekinddMaille completion introduces
a further three new classeS¥(, U B, andUV"), required to ensure the result is a lattice.
Comparing Figures 7 and 13, Figure 13 is clearly the more ésxnpnd almost none of
the subsumption relationships between classes shown ime=fgare to be found in Fig-
ure 13. Thus, the resulting construction is not really “fiisat all, since we have gained
little new information about the intensional relationshipetween classes. Instead, the
resulting construction is much closer to a conventiomatrlay of the two land cover
maps, a basic GIS operation for combining geospatial datguré 14 shows a “classifi-
cation map” of the extension of resulting data set, wheretrmbthe extents have been
classified using the meets of original classes (gray shading only one extent has been
classified using a class i U 75 (white shading).

Addressing this problem will be a key area of future researtththis paper we
suggest just one solution, although it is one that has tharddges of being both sim-
ple and highly effective. The sliver polygons that resubinfirinaccuracy are often easy
to identify, either by their relatively small area or elotefh geometry. Once identi-

fied, sliver polygons can then be omitted from the productitmar. For example,

21
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Figure 13: Taxonomy resulting from inaccuracy in extenalonformation

Figure 14: Classification map, showing fused extents wherd, U 15 (white shading)

ort € Im(g1 ® g2)\T1 U T; (gray shading)

the degree to whiclp, € P, overlapsp; € P, can be calculated as(ps,p1) =
area(p; N ps2)/area(pr). Similarly, the degree to which, overlapsps can be calculated

aso(pi1,p2) = area(p; N p2)/area(ps). Finally, for some threshold valdee [0, 1], we

can redefine the product partitioR; ) P, in equation 4, as:

{p1 N palp1 € P1,p2 € Po,p1 Np2 # 0,0(p1,p2) < kando(pz, p1) < k}

In the case of our land cover example, setting the threshiaddabout 0.1 (i.e. ignor-
ing any polygon intersections with an area of less than 10%ott the two overlaping

polygons) allows us to regain the original fused taxonom¥igure 7. The cost of ig-
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noring these small overlaps is that some of the sliver paiggeill be unclassifiable in
the fused taxonomy. The total area of such unclassifiablenextcan only ever be as
great as the thresholfd(i.e. 10% in our example), and in practice it will be much lowe
(approximately 3% in our example).

There is, therefore, a balance to be struck between thetyjoélextensional and in-
tensional information in the fusion construction undeicmaacy. Tolerating higher lev-
els of inaccuracy leads to higher quality, more useful isii@mal information, but lower
quality, extensional information with more unclassifiat#gions. Conversely, tolerating
lower levels of inaccuracy leads to lower quality, less uketensional information, but
higher quality extensional information with fewer unciéigble regions. The revised
classification map resulting fromiathreshold of 0.1 is shown in Figure 15. When com-
pared with 14 it is clear that many fewer locations have béassified using the meets
of classes in the original classifications (gray shadingfpagh some locations are now

unclassifiable (hatched shading).

Figure 15: Classification map usirigthreshold of 0.1, showing fused extents where

t € Th U T, (white shading)t € Im(g; ® g2)\71 U T% (gray shading), or where extent is

unclassifiable (hatched shading)

Imprecision can be addressed in a similar fashion. Anotiressholdt’ € [0, 1] can
be used to exclude those extents whefe,,p2) < k' ando(ps,p1) > 1 — k' from
the product partition. The intuition behind this formuladsexclude fine grained detail

where a very large proportion of one extent overlaps a verglisportion of another
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extent. In the following section we explore one techniquefifding the most desirable

threshold values.

6 Implementation and testing

The examples described above have all been tested withiotatyppe implementation.
In this section we briefly describe this implementation.

Rather than translate the algebraic construction into egoharal language, like Java,
it was much more efficient from a conceptual perspective fmément this construction
directly within a pure functional programming language.ushthe core code of the fu-
sion construction was written in the functional programgnisnguage Scheme (Abelson
and Sussman, 1996). Using Scheme allows most of the fusiastraation to be pro-
grammed directly as explained here, with only minor syitachanges. For example,
the definition of the functioy, discussed in section 3.31(: p — e1g1p) can be written

directly within Scheme as:
(define glbar (lambda (p) (el (gl p))))

where the Scheme functionigl (¢g1) and el (e;) are defined elsewhere in a similar
fashion. There exists a direct correspondence betweendeng program fragment
and the definition of the functiofy. Thelambda construct in functional programming
is derived from lambda calculus (see (Barendregt, 1984))bémds occurrences @f in
the head of the function definition to occurrences in the bafdynction.

Scheme code was used to implement all of the fusion conitruap to the compu-
tation of the Dedekind-MacNeille completion, which was Ierpented in Java using an
algorithm based on Bertet et al. (1997). Finally, the userface and all remaining code
were implemented within Java. An open-source Java APl foleBe (Kawa) enabled
the entire system to be executed as a single Java applicatimoverall architecture is
summarized diagrammatically in Figure 16.

The data import subsystem allows geospatial data to be begbor the common .shp

Shapefile format. In addition to the extensions of the getepdata within the Shape-
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Spatial data import Application

subsystem (Java, middleware /N Fusion engine
Shapefile maps, subsystem N—/] (Kawa Scheme)
Scheme taxonomy) (Java)

U

£ Set integration parameters E

User interface subsystem (Java)

£ Intensional view !Eu

£ [xtensional view

Mode Data Taxonomy

Overlaptolerance  Granularity tolerance
very high wery high

high high
default default
low low

[oweny lowe wery low

none [ none
| integrate data.., | cancel |

Map window Sliders for k-thresholds Taxonomy window

Figure 16: System architecture overview

file, a description of the intensional subsumption relatfops within the taxonomy is
also needed. In our prototype example, the taxonomy wasssed directly within

Scheme. In a practical system, the data and taxonomy wouddiditable to the fusion

system via standard queries to the geospatial databassersyEhe Java application mid-
dleware then communicates this information to the Kawa 8ehtaision engine, which
returns the fused taxonomy. After computing the DedekiratNkille completion of the

taxonomy, this taxonomy is then displayed to the user, alitiya classification map of
the integrated data.

The discussion in the previous sections highlighted theomamce ofk-thresholds
in effective fusion under uncertainty. Thethreshold levels are controlled by the user
via two sliders, one for the overlap tolerance, the othertli@ granularity tolerance
(shown in Figure 16). Setting the sliders to appropriatelkeis the only user interaction
needed by the fusion process, other than to the import refeledia sets. Increasing the

threshold tolerances increases both the level of intemrati the fused taxonomy and the
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level of unclassifiable regions in the fused extents. Treriate provides rapid real-time
feedback on the fusion, so users are able to experiment \fieraht k-thresholds and

interactively view the results both in terms of the fusedteomy and the classification
map.

In addition to fabricated data sets, like those shown ingk@ample, the system has
also been tested with several real land-cover data setsasudSGS land use/land cover
data and local government land cover data in the US and Ocdnauarvey MasterMap
data and CORINE land cover data for regions in the UK. In thieiong section we dis-
cuss the future research that needs to be conducted bedappphoach can be considered
for practical applications, but initial results indicatet the prototype implementation is

able to successfully fuse such data.

7 Discussion and conclusions

This paper has set out a new technique for automating thegsaaf information fusion.
This technigue is founded on a formal algebraic model ofrimfation fusion that mod-
els both extensional and intensional aspects of informatiéxtensional relationships
between input data sets are used to automatically infensigeal relationships in the
fused data set. Crucially for a fusion process, the algelftsion construction has the
properties of a monoid (section 3.7). Thus, for a set of diaations, associativity and
commutativity ensure that the results of the fusion proegbbe unaffected by the order
in which classifications are fused.

Where prior knowledge of intensional relationships alyeexists, this information
can also be included in the fusion process. Uncertainty énirtbut data sets, such as
extensional inaccuracy or imprecision, can have a signifieffect upon the inference
process. Under uncertainty, a balance exists between tilgygof extensional and in-
tensional information in the fused data set. Higher quaikiensional information with
low proportions of unclassifiable extents can only be addeat the cost of lower qual-

ity intensional information with poor integration betwettse input schema. Conversely,
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tolerating lower quality extensional information with seranclassifiable extents leads
to much higher quality integration of input schema. The farmmodel has been suc-
cessfully tested and implemented, using a combination afezfural programming and

functional programming.

7.1 Further work

Two important areas of further work have already been sugdeés the paper. First, the
use ofk-thresholds to set tolerance levels for imprecision anddaeacy is both simple
and effective. However, more research is needed into offpgoaches to uncertainty to
determine whether more effective techniques might alsodweldped. Second, so far
only subjective assessments of the fusion products have &gempted. Specifically,

future work will need to:

e Assess objectively the fidelity of fusion results, and wettifat fusion products are

indeed suitable for use within different application areas

e Compare the prototype automated fusion system with coibreaitmanual fusion
processes, and verify from an HCI perspective that the aatiedrfusion system is

indeed easier to use.

In addition to these topics, several other areas yet to Hempare suggested by this
research. First, the technique has been described hergstemdor fusing semantically
related information sources, such as land-cover data Hetsever, the same technique
might equally be used as a data mining system for discovegtagionships between
semantically unrelated information sources. For exaniplaestead of two land cover
data sets the algebraic construction is applied to one lanerdata set and one socioe-
conomic data set. If the resulting taxonomy indicates tkay, the “Agricultural” land
cover class is subsumed by the “Low per-capita income” sacinomic class, this might
suggest some form of causal relationship between the tvesesa(even though it would
not be true to say that the concept “Agricultural” is a subaapt of “Low per-capita

income”).
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Second, the prototype implementation used user-defiribtlesholds to set the cor-
rect balance between intensional and extensional infeomé&asion. In fact, there are a
variety of possible ways in which the selectionkethresholds could be automated. For
example, by iterating the fusion process using diffekettiresholds it should be possible
to find those thresholds that optimize the fusion for claesility (i.e. the lowest thresh-
olds that result in no unclassifiable regions). Conversshyleveloping a formal notion
of how informative an integrated taxonomy is (for exampking measures of semantic
similarity as in Rodriguez and Egenhofer, 2003), it mighbabe possible to optimize
the fusion for information content (i.e. the highest thidh that result in maximal
information content in the integrated taxonomy).

Finally, the fusion construction has been explored withiea domain of geographic
information, because a common geospatial coordinateraystevides an ideal structure
for driving the inference process. However, as mentioneyipusly the extensional
structure does not necessarily need to be spatial. Consiygfature research will also
focus on the applicability of the information fusion tectumé to a variety of non-spatial
application domains. For example, the set of results retube a WWW search engine
in response to a particular query term can be thought of asgadin” of the WWW and as
the extension of that query term. Different “regions” of IWVW may “overlap,” in the
sense that they share related URLs or refer to pages wittasitakt. This non-spatial
structure between extensional “regions” of WWW query teoas be used to drive the
same information fusion process as described in this pap#s approach is currently
being explored as the basis for further related researotinfiarmation fusion within the

semantic web.

References

Abelson, H. and Sussman, G. J. (199@he structure and interpretation of computer

programs MIT Press, Cambridge, MA, 2nd edition.

Barendregt, H. P. (1984 he Lambda CalculusNorth-Holland.

28



Berlin, J. and Motro, A. (2001). Autoplex: Automated diseoy of contents for virtual
databases. IRroceedings of COOPIS 2001, Sixth IFCIS International @aatice on
Cooperative Information Systepwlume 2172 of ecture Notes in Computer Science

pages 108-122, Berlin. Springer.

Berners-Lee, T., Hendler, J., and Lassila, O. (2001). Theaséic web.Scientific Amer-
ican, 279(5):34-43.

Bertet, K., Morvan, M., and Nourine, L. (1997). Lazy comjoetof a partial order to
the smallest lattice. linternational KRUSE Symposium: Knowledge Retrieval, Use

and Storage for Efficiengypages 72—-81, University of Vancouver.

Calvanese, D., De Giacomo, G., Lenzerini, M., Nardi, D., &usati, R. (1998). De-
scription logic framework for information integration. Proceedings 6th Interna-
tional Conference on Principles of Knowledge Represemadind Reasoning (KR'98)

pages 2-13.

Doan, A., Domingos, P., and Levy, A. Y. (2000). Learning seudescription for data
integration. InWebDB (Informal Proceedingspages 81-86.

Doan, A., Madhavan, J., Domingos, P., and Halevy, A. (20D2arning to map between
ontologies on the semantic web.\WWMWW 2002, Proceedings 11th International World

Wide Web Conferengcpages 662—673. ACM.

Duckham, M., Mason, K., Stell, J. G., and Worboys, M. F. (Q0@formal approach to
imperfection in geographic informatio®omputer, Environment, and Urban Systems

25:89-103.

Fonseca, F., Egenhofer, M., Agouris, P., and Camara, ®2(20Using ontologies for

integrated geographic information systerigansactions in G1S6(3):231-257.
Ganter, B. and Wille, R. (1999Formal Concept AnalysisSpinger, Berlin.

Gratzer, G. (1978)General Lattice TheoryAcademic Press, New York.

29



Gruber, T. (1993). A translation approach to portable mgplspecificationsKnowledge
Acquisition 5(2):199-220.

Guarino, N. (1998). Formal ontology and information systetnm Formal Ontology and

Information Systems, Proceedings FOIS'p8ges 3-15. IOS Press.

Guarino, N., Masolo, C., and Vetere, G. (1999). Ontoseelté&u-based access to the
Web. IEEE Intelligent Systemd44(3):70-80.

Kavouras, M. and Kokla, M. (2002). A method for the formalia and integration
of geographical categorizationdnternational Journal of Geographical Information

Science16(5):439-453.

Kim, W. and Sea, J. (1992). Classifying schematic and dater¢geneity in multi-
database systemEEE Computer24(12):12-18.

Lakshmanan, L., Sadri, F., and Subramanian, I. (1993). ©rapical foundations of
schema integration and evolution in heterogeneous daabatems. In Ceri, S.,
Tanaka, K., and Tsur, S., editol®00D '93, Proceedings Third International Con-
ference on Deductive and Object-Oriented Databasekime 760 ofLecture Notes

in Computer Scienggages 81-100. Springer, Berlin.

Li, W.-S. and Clifton, C. (1994). Semantic integration intédregeneous databases
using neural networks. In Bocca, J. B., Jarke, M., and Zani@., editors,
VLDB'94,Proceedings 20th International Conference onyVkearge Data Bases

pages 1-12. Morgan Kaufmann.

Li, W.-S. and Clifton, C. (2000). SEMINT: A tool for identifgg attribute correspon-
dences in heterogeneous databases using neural netviakas.and Knowledge En-

gineering 33(49-84).

Rahm, E. and Bernstein, P. (2001). A survey of approachesttoretic schema match-
ing. The VLDB Journal10:334-350.

30



Rodriguez, A. and Egenhofer, M. (2003). Determining sdmaimilarity among en-
tity classes from different ontologieslEEE Transactions on Knowledge and Data

Engineering 15(2):442-456.

Sarawagi, S. (2002). Automation in information extraction data integration. limter-
national Conference on Very Large Databases (VLDjp://www.it.iith.

ac.in/"sunita/vidb02Tutorial.pdf

Sheth, A. (1999). Interoperability and spatial informatitheory. In Goodchild, M.,
Egenhofer, M., Fegeas, R., and Kottman, C., editbr®roperating Geographic In-

formation Systemshapter 2, pages 5-29. Kluwer, Dordrecht, Netherlands.

Sheth, A. and Kashyap, V. (1993). So far (schematically)sgehear (semantically).
In Hsiao, D., Neuhold, E., and Sacks-Davis, R., edit®§-5, Proceedings IFIP
Database Semantics Conference on Interoperable Databgsters volume 25 of

IFIP Transactions pages 283—-312. North-Holland.

Tzitzikas, Y., Spyratos, N., and Constantopoulos, P. (2004ediators over ontology-

based infomation sources. Rroceedings WISE, pages 31-40.

Uliman, J. (2000). Information integration using logicaéws. Theoretical Computer

Science239(2):189-210.

Vckovski, A. (1998).Interoperable and Distributed Processing in GIylor & Francis,

London.

Wache, H., Vogele, T., Visser, U., Stuckenschmidt, H.,ustér, G., Neumann, H., and
Hubner, S. (2001). Ontology-based integration of infdiota—a survey of existing
approaches. In Stuckenschmidt, H., editdCAI-01 Workshop: Ontologies and in-

formation sharingpages 108-117.

Widom, J. (1995). Research problems in data warehousingrdeeedings 4th Interna-

tional Conference on Information and Knowledge Manager{@HM).

31



Wiederhold, G. (1992). Mediators in the architecture otifatinformation systems.

IEEE Computer25(3):38—49.

Worboys, M. F. and Duckham, M. (2002). Integrating spdtiertatic information. In
Egenhofer, M. J. and Mark, D. M., editorGeographic Information Sciencegolume

2478 ofLecture Notes in Computer Scienpages 346—-361. Springer, Belin.

Zhou, G., Hull, R., King, R., and Franchitti, J.-C. (1995).atB integration and ware-
housing using h2olEEE Data Engineering Bulletinl8(2):29—40.

32



