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Abstract — This paper proposes an approach to integrate redun-
dant, complementary, and/or conflicting information sources, as-
suming that information space is a lattice, and metadata about
data quality is available. The approach is then applied on land
cover assessments, where land cover classes are in a hierarchi-
cal structure, and quality information is defined, based on com-
pleteness and consistency of attributed classes in the assessments.
Experimental results show that the approach really improves the
assessments.
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1 Introduction

Data fusion has been defined in [7] as a “formal frame-
work in which are expressed means and tools for the al-
liance of data of the same scene, originating from different
sources. It aims at obtaining information of greater qual-
ity; the exact definition of greater quality will depend upon
the application.”. Information from several sources can be
heterogeneous and associated with various quality levels.
This paper focuses on a framework to integrate redundant,
complementary, conflict information, assuming that infor-
mation has a lattice structure [4], and the quality of informa-
tion is available in each source. Instances of this problem
occur in merging ontologies [2, 5], integrating geographical
information [8, 9]. In particular, classes of land cover prob-
lem in geographical information are in hierarchy structure,
that can be mapped to a lattice structure.

The paper is organized as follows: Section 2 recalls the
work in [4], which presents the formal basis for our ap-
proach. The notions of redundant, complementary or con-
flicting data are formalized, and the methods for integration
under lattice structure are given. Section 3, we formalize
the notion of quality, and extend the above methods in the
context where quality information is available. Section 4
presents a case study of land cover assessment. We con-
sider the basic information of the land cover LCM2000,
and two different methods of assessment. We show how
our methods of integration can be applied in this case to
obtain a better assessment. In this purpose, we define a data
quality measure which depends on the completeness and
the consistency of data. Finally, concluding remark and fu-
ture work is presented in section 5.
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2 Sourcefusion under information lattice
2.1

Definition 1 - Information lattice. An information lattice
is a lattice (Z, <) which contains L and T.

I nfor mation lattice

The element L represents unknown. The element T rep-
resents inconsistent. Forall z € 1,1 < z,andx < T.
Letz,y € Z. If x < y then y is called more complete or
more specific than z. Let X C Z such that X = (). The set
of all minimal (resp. maximal) elements of X is denoted
by min(X) (resp. maxz(X)). The least upper bound of X,
if exists, is denoted by VX, and called the join of X. The
greatest lower bound of X, if exists, is denoted by AX, and
called the meet of X. In particular, if X = {z, y} then vX
and AX, respectively denoted by = Vv y and x A y, always
exist. We have z Ay < x,y < z V y, and the following
equivalence: z Sy iffr =z Ayiffy =z vy.

If x vy # T, then x and y are called complementary to
one another. If x vy = T then z and y are called in conflict
with each other. The conflict between = and y is called
total if z Ay = L, as = and y do not share any common
information. Otherwise, the conflict is called partial, and
x Ay is called a consensus of z and y.

In what follows, we consider an information lattice (Z, <).

Definition 2 - Information containment. Let I and J be
subsets of Z. We define I C J if I = 0, or for each z € I,
there exists y € J such that x < y.

Intuitively, I C J means that J contains as much infor-
mation as /. The relation C generalizes the set inclusion
C. Indeed, if I C J then I T J (by the reflexivity of
<). But the inverse is not true. Moreover, C is reflexive
and transitive, but not antisymmetric. For instance, con-
sider the ordered set (V, <), where N is the set of natural
numbers, and < is the usual order on N. Let I = {3,5,6}
and J = {4,6}. After Definition 2, I C Jand J C I, but
I#J.

Definition 3 - Information equivalence. Let I, J be sub-
setsof Z. Define I ~ Jiff [ C Jand J C .

Clearly, the relation ~ is reflexive, symmetric, and tran-
sitive. Forany I, J C Z, we have I ~ maxz(I),and I ~ J
if and only if max(I) = maxz(J).



Definition 4 - Consensus and Aggregation. Let 7 and J
be subsets of Z. If I and J are non-empty, then define the
consensus and the aggregation of  and .J to be respectively
I®J=max({zAy|xel,yeJ}) and

I® J=max(J) (resp. max(I)), if I T J (resp. J C I).
Otherwise, I @ J = mazx({x Vy |z € I,y € J}).

If I =0 (rJ=0),thendefineI @ J=0,andI®J =
maz(J) (resp., mazx(l)).

The consensus and aggregation operations have the fol-
lowing properties:

(p1) Let I; and I be subsets of Z. If Iy ~ I, then for any
JCZ,wehavel1 @J ~LJ,and1 &J ~ LD J.
(p2) Let I and J be subsets of Z. We have:
@I®JCIL,andI C I J,and
b INJCIQJEIUJCI®J.
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A (finite) collection of a set X is a set {X7,..., Xj} such
that X; C X,1 <1 < k. A (finite) covering of aset X isa
collection { X7, ..., X} of X such that U,=1 1, X; = X.

I nfor mation source

Definition 5 - Information Source. Let Z be an informa-
tion lattice, and S be a non-empty set of objects, called
object space. An information source is a triple D =
(P(S),C(T),R), where P(S) is a covering of S, C(Z) is
a collection of Z, and R is a binary relation between P(S)
and C(7).

We call the source mapping of D the function f from S
into 27 such that for each z € S,
f@)={ieZ|3(X, ) eR,xeX,icl}

On S we define an equivalent relation ~ as follows: for
any z,y € S,z ~ yifandonly if f(z) = f(y).

Different information sources can essentially represent
the same information. In such a case, we consider they are
equivalent. Precisely, we have the following definition:

Definition 6 - Source equivalence. Let D; and D5 be two
information sources on a same object space S and a same
information lattice Z. Let f; and f5 be the source mappings
of Dy and D,, respectively. D; is called ~-equivalent to
Dy, denoted by Dy ~ Ds, ifforeachp € S, f1(p) =~ f2(p).

Information sources can contain redundancies in sense
of ~-equivalence. Consider pair (X, ) in R, if max(I)
is strictly included in I, then the pair (X, I) has informa-
tion redundancy, since max(I) ~ I. Consider now pairs
(Xl,Il) and (XQ,IQ) in R, if L C I and X1 NXs 7£ @,
then pair (X7, I1) contains object redundancy, as the infor-
mation associated with X; N X5 by (X, I1) can be deduced
from (X5, I»).

An information source D is called reduced if D has no
information redundancy and no object redundancy. Algo-
rithm Reduce computes the reduction of D:

ALGORITHM Reduce

Input: an information source D = (P(S),C(Z), R).

Output: D' = (P'(S),C’(Z), R") reduced and
~-equivalent to D.

Method:

1. Computing the source mapping f of D.

2. Let R be the set of pairs (X;, I;), where X; are in the

partition of S by ~, and I; = f(p) for every p € X;.

3. Replace each pair (X, I) in R by (X, maz(I)).

4. Regrouping: In the result of step 3, replace all pairs

(X1, 1), ., (Xi,I) suchthat I, = ... = I, = I by the

pair (X1 U ... U Xy, I).

5. Return the final result of step 4.
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Let D; and D5 be two information sources on a same ob-
ject space S and a same information lattice Z. Let f; and
f2 be the source mappings of D; and D, respectively.
An integration of D; and D- is an information source
D = (P(S),C(Z), R) such that the source mapping f of
D satisfies the following: foreach p € S, f1(p) ® f2(p) C

f(p) E fi(p) @ fa(p). We denote f = f10f5, and call D
the 6-integration of D; and D-.

-Ifforall p € S, f(p) = f1(p)0f2(p) = fi(p) ® f2(p),
then f is called the pessimistic integration.

-Ifforallp € S, f(p) = f1(p)0f2(p) = f1(p) & fa(p),
then f is called the optimistic integration.

I ntegration of information sources

Algorithm #-Integrate integrates D; and Ds:

ALGORITHM 6-Integrate
Input: Dy = (P1(S),C1(Z), Ry) and
Dy = (P2(S),C2(Z), Ra).
Output: D an integration of D; and Ds.
Method:
1. Let D] = Reduce(D; ) and D), = Reduce(Dy).
2. Let D = (P(S),C(Z), R), where P(S) =0, C(Z) = 0,
and R = 0.
3. For each pair (X1, 1;) in D} do
For each pair (X2, I5) in D do begin
Produce (X1 N Xo, [1015);
If X1 N X, 0, theninsert X, N X5
into P(S), 101, into C(Z), and
(Xl N XQ, 119[2) into R;
end;
4. Return Reduce(D).

EXAMPLE 1 LetS = {1,2,3,4},7 = {a,b,c,d,e, f, g,
L, T} with the partial order < defined by the Hasse dia-
gram in Figure 1. Let Dy and D5 be information sources
on the object space S and the information lattice Z as in
Figure 1 (a) and (b). The reductions of sources following
algorithm Reduce are in Figure 1 (c) and (d). The results of
integrations are in Figure 1 (e), (f), (9), and (h).

3 Thequality based approach

Data quality, which is part of metadata associated with data
in an information source, is relative to the needs of users.
A commonly used definition of quality is *fitness for use’.
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Fig. 1: An example of information lattice, reduction and integration of sources

There are many aspects of data quality [6] as correctness,
accuracy, precision, completeness, consistency, relevance,
and timeliness, etc. In this work, we consider quality as-
pects that can be modeled by total ordered sets. In effect,
we define a quality domain associated with an information
source D to be a totally ordered set of values. A quality
domain can be a set of symbolic values or numeric values.
In general an information source can be associated with one
or many quality domains as precision, certitude, complete-
ness, etc. In what follows, the order of a quality domain is
denoted by <.

3.1 Thequality basis

Definition 7 Let S and Z be respectively an object space
and an information space. Let @ be a quality domain. A Q-
quality on S x Z is a function ¢ from (25\ {0}) x (2% \ {0})
into @, such that for any (X1, 1), (X2, I) € (2°\ {0}) x
(22 \ {0}), the following condition is satisfied.

If X1 C Xo and I C I, then (ZS(Xl,Il) > ¢(X2,Ig).

This condition specifies that a quality function is anti-
monotonic with respect to object sets and information sets.
Indeed, the definition of the notion of source mapping im-
plies that for each pair (X,I) € R, for each z € X,
the source D associates « with all information elements
in I. As a consequence, if (X2, 15) is in R, and for any
X1 € Xs and forany I; C I, the pair (X;,1;) is de-
duced from (Xo, I5). Therefore, if the (X2, I5) is viewed
with quality ¢(X2,I2), then (X3,1;) is viewed with at
least the quality ¢(X2, I2). In particular, for any (X, 1),
$(X,1) < S(X,{L}).

A direct consequence of the condition in the Definition 7 is:
If X1 =Xo and I ~ I then (,b(Xl, 11) = ¢(X2,IQ).
Further, if D, and D5, are equivalent information sources,

with the source mappings f; and f», respectively, then for

any z € S, p({z}, f1(2)) = ¢({z}, fo(x)).

Definition 8 Let D = (P(S),C(Z), R) be an information
source. Let @) be a quality domain associated with D. A Q-
quality view of D is a function ¢ from R into (), such that
forany (X1, 1), (X2, I2) € R the following conditions are
satisfied:

(l) If X1 C Xo and I C I, then (p(Xl,Il) > QO(XQ,IQ).
(i) If I; = { L}, then (X1, [1) = maz(Q).

EXAMPLE 2 We consider the information source D; of
Example 1. Let @ = {A, B, C, D, E'} be a quality domain,
where A > B > C > D > E. For notational convenience,
sets are denoted by juxtaposition. For example, {1, 4} is de-
noted by 14, and {b, d, e} is denoted by bde. The following
tableau defines the Q-quality view ¢, of Ds.

Ry
P1

(1,adef)
A

(2,abe)
B

(3.bde)
B

(14,af
A

(23,be)
D

Consider ¢4 (2, abe) and 1 (23, be). Pair (23, be) has an
object redundancy with respect to pair (2, abe), because
be T abe and {2,3} N {2} # 0. Therefore, in reduc-
ing D into an equivalent information source, pair (23, be)
is reduced to pair (3,be). Now, as ¢1(23,be) = D, we
may extend 4 by defining ¢1(3, be) = D. However, if we
do so, such an extension of ¢, is not a Q-quality, because
v1(3,bde) = B > D = ¢4(3, be) and bde ~ be.

Definition 9 Let ¢ be a Q-quality view of D. A Q-quality
extension of ¢ is a Q-quality, denoted by ¢, such that
(i) Forany (X;, ;) € R, ¢ (X;, I;) = p(X;, I;), and
(i) For any (X, 1) € 25\ {0}) x (27\ {0}),if I # {1}
and ¢’ (X,I) = m € Q,m > min(Q), then there exists
(X;,I;) € Rsuchthat XN X; # 0,1 C I;, and m <
o(Xi, L)

Condition (i) requires that ' must be a correct extension
of . Condition (ii) requires that for any (X, I) which is
not in R, the quality estimation ’(X, I') must be founded
on the quality estimation existing for pairs in R.



Now, we show the @Q-quality extension of a Q-quality
view of D exists, and how to obtain it.

Proposition 1 Let D = (P(S),C(Z), R) be an informa-
tion source, and @ be a quality domain. Let ¢ be a Q-
quality view of D. Then ¢ can be extended to a Q-quality
of D.

For the proof of Proposition 1, we build an extension of
o, denoted by ¢’ satisfying Definition 7. Consider a pair
(X,I) €25 x 2%, suchthat (X, I) # (0, (). Since P(S) is
a covering of S, and X C S, there exists X; € P(S) such
that X N X; # () and the union of all such X N X is equal
to X. We have the following cases:

Case 1: If I = {_L}, then define ' (X, I) = max(Q).

Case 2: Else, if there exists (X, I;) € Rsuch that X C X;
and I C I,, then define ¢’ (X, I)

Case 3: Else, let K = ®{I; | (X;, ;) € R, X N X; # 0}.

Case 3.1: If I C K, then define ¢’ (X, I)

where for each (X;,I;) € R such that X N X; # 0,
m(Xz-,Ii) = mam{ap(Xj,Ij) | (Xj,]j) e RXNX; =
XNX,IeLi=1x1}

Case 3.2: Else, define ¢’ (X, I) = min(Q).

We can show that the so defined o’ is a well-defined func-
tion satisfying the condition specified in Definition 7 and
the conditions of Definition 9. Thus, ¢’ is a Q-quality ex-
tension of .

Moreover, o’ satisfies further interesting properties.

Proposition 2 For any Q-quality ©” which extends a Q-
quality view ¢ of D, forany (X, I) € (25\{0})x (22\{0}),
we have
() If (X, I)isinCase 1, then " (X,I) < ¢/(X,I).
(ii) If (X, 1) isin Case 2, then ¢ (X, I) >
(iii) If (X, I) is in Case 3.1, then " (X, I
(iv) If (X, I) isin Case 3.2, then ¢" (X, I)

IV IA 6
S\
Is
=

Apart from points (i) and (iv) of Proposition 2, which deals
with special cases of information (respectively, no infor-
mation or exceeding information), points (ii) and (iii) of
Proposition 2 state interesting property of the Q-quality ex-
tension of ¢, defined in Proposition 1: the extension is opti-
mized. Indeed, when the operator max is used for Case 2 in
the proof Proposition 1, every possible -quality extension
of o cannot be less than ¢’ in this case, and when the oper-
ator man is used for Case 3.1 in the proof of Proposition 1,
every possible Q-quality extension of ¢ cannot be greater
than ¢’ in this case.

EXAMPLE 3 Consider the quality-view ¢, of Dy in Ex-
ample 2. The Q-quality extension ¢} of 1, as defined in
the proof of Proposition 1, applied on the reduction D} of
Dy, is:

B @4h | 2.ab) | 3.b)
o I A B B

3.2 Quality based approachesto integration

Now, let D; and D be two information sources to be inte-
grated. Let ¢;, i = 1,2, be quality views of D;, on a same
domain quality Q. Let ¢! be the Q-quality extension of ¢;.
The quality based approach to integrating D; and D5, with
respect to the quality domain Q can be defined as follows:

Let D7 and DY be the reductions of D; and D, respec-
tively, and 7%, i = 1,2 be the restriction on R, of Q-
quality extension /.

Let o denote the function defined on the pairs (X; N
Xo, I615) resulting in step 3 of algorithm #-integrate:

(i) For the pessimistic integration:

If L ®I,= {L}, then @Q(Xl n Xg,[l X 12) = max(Q)
Else,

@O(Xl n XQ, Il ® 12) = ma:z:{go’{d(Xl, Il), (Pgd(XQ, IQ)}

(if) For the optimistic integration:
(pQ(Xl M Xg, Il D 12) = mzn{cp’ld(Xl, 11), (pgd(Xg, 12)}

Lemma 1 The above defined ¢q is @Q-quality view.

Proof. We use the notations given in algorithm 6-Integrate.
For any pairs (X1, 1), (X2, I2) in D}, we have X1 N X5 =
(. Similarly, for any pairs (Y1, J1), (Y2, Jo2) in D}, we have
Y1 NY, = (. Hence, for any pairs (Z1, K1), (Z2, K2)
resulting in step 3 of algorithm 6-integrate, which can
be represented by (Z;,K;) = (X1 N Y1,,0J;) and
(ZQ,KQ) = (Xg N 16,[29]2), we have 71 N Zy = @, be-
cause X1 NY; N X NY, = B. Thus, in any case con-
dition (i) of Definition 8 is satisfied, since Z; ¢ Z, and
Zy & Z1. Now, if K7 ® Ko = {L}, then as defined above
wo(Z1 N Zy, K1 ® K2) = maz(Q). Hence, condition (ii)
of of Definition 8 is satisfied. Thus, the lemma is proved. ¢

We define the quality view for the pessimistic integration
(or optimistic integration), denoted by ¢, to be the restric-
tion of the Q-quality extension (see Proposition 1) of ¢q
on the reduction of D resulting in step 4 of algorithm 6-
integrate.

Proposition 3 The function ¢ associated with the pes-
simistic (or optimistic) integration as defined above is a
@-quality view of the pessimistic (respectively, optimistic)
integration.

Proof. Let ¢ be the restriction of the -quality extension
of g, on the reduction of D resulting in step 4 of algorithm
f-integrate. As the Q-quality extension of ¢q is a @ qual-
ity, the condition on antimonotonicity is satisfied. In conse-
quence,  satisfies condition (i) of Definition 8. In particu-
lar, for any (Z, K) in the reduction of D, if K = {_L}, then
o(Z, K) = max(Q), after the definition of . Thus, pisa
@-quality view of the pessimistic (respectively, optimistic)
integration. ¢

EXAMPLE 4 We consider the integration of the sources
Dy and D in Example 1. Let ¢; be the Q-quality view of
D, as given in Example 2:

Ry || (1,adef) | (2,abe) | (3,bde) | (14,af) | (23,be)
1 A B B A D




Let ¢, be the Q-quality view of D, defined as follows:

Ry [ (L,bc) | (2.ae) | (3,ab) | (13,0) | (34,de)
o2 | B A B B C

The Q-quality views of the reductions D; and D), (the re-
strictions of Q-quality extensions of R, and R, on R} and
%) are respectively:

& @40 | (2ab) | 3.b)
o A B B

RL |l (L,bc) | (2,ae) | (3,ab) | (4,de)
©h B A B C

For the pessimistic integration, the function g is:

Ryes || (LD) | (2:2¢) | (3.b) | (4.de)
20 A A B A

Now, the Q-quality extension (see the proof of Proposition
1) of o, restricted on the reduction of D, denoted by ¢, for
the pessimistic integration is:

R, || (13,b) | (2,ae) | (4,de)

o B A A

For the optimistic integration, the function ¢ is:

Ropt || (1, T) | (23,ab) | (4.1)
©®o B B C

We observe that in the pessimistic integration, the resulting
information is less specific, but with high quality, whereas
in the optimistic integration, the resulting information is
more specific, but with lower quality.

3.3 Thequality based integration

Let D} and D} be the reductions of the information sources
D1 and Do, respectively, with quality views ¢;, i = 1,2.
Let or4, i = 1,2 be the Q-quality view of D/, which is
the restriction on R}, of the Q-quality extension of ;. Let
o be the function defined on the pairs (X; N Xo, [1615)
resulting in step 3 of algorithm #-integrate. In the quality
based integration of D; and D, we denote such a pair by:

(X1 N Xy, 1QI5), where I; Q1 is defined as follows:

(l) If (p{d(Xl,Il) = (pgd(Xg,Ig) then [19[2 = Il 39 IQ,
with @o (X1 N Xa, 1Q15) = o14(X1, Ih).

(ll) If gﬁqd(Xl,Il) < @Sd(XQ,IQ) then 11912 = IQ,
with @Q(Xl n XQ,IlﬂIQ) = (Pgd(XQ,IQ).

(iii) If p19(X1, 1) > 5%(Xo, I) then [, = I,
with SDO(Xl n XQ,IlﬂIQ) = (pqd(Xl,Il).

Lemma 2 The above defined function ¢ is a Q-quality
view of the information source resulting in step 3 of algo-
rithm 6-integrate, where 6 is the quality based integration.

In what follows, the quality based integration is denoted
by Q-integration in short. We defihe quality view for Q-
integration, denoted by ¢, to be the restriction of ¢, on the
reduction of D resulting in step 4 of algorithm 6-integrate.

Proposition 4 The quality based integration is an interme-
diate integration, and the defined function ¢ is a Q-quality
view of the result.

EXAMPLE 5 We consider the quality based integration of
the same sources D; and Ds as in Example 4, where the
quality views of their reductions are respectively:

R, (@40 [ 2.ab) | (3.b)
o A B B

R || (L,bc) | (2,ae) | (3,ab) | (4,de)
©h B A B C

For the quality based integration, the function ¢y is:

Ro [ @D [ (2ae) [ 3b) | (41
©o A A B A

The Q-quality extension (see the proof of Proposition 1)
of ¢y, restricted on the reduction of the quality based inte-
gration, denoted by ¢, is:

Ry, [ @40 [ 2ae) | Bb)
o A A B

The pessimistic integration and quality based integration
privilege quality. However, while the pessimistic integra-
tion always searches for the consensus of information, the
quality based integration does not. Notice that, with Exam-
ple 5, in the quality based integration point 1 is associated
with f and quality A, while in the pessimistic integration,
point 1 is associated with b and quality B. This is due to loss
of quality when regrouping points in the process of reduc-
tion. Indeed, the function , of the pessimistic integration
associated point 1 with b and quality A.

4 A casestudy: Land cover application

We apply our approach to fusion the land cover assess-
ments. Land cover information consists of basic informa-
tion describing the land cover classes (see Figure 2) that oc-
cupy the territory, and its assessments via the cartographic
representations. On the same basic information there may
exist different assessments. Our problem is to fusion differ-
ent assessments to obtain a better one. In this case study we
consider the assessments on LCM2000 *.

The basic information is described by a list of tuples
(Parcel#, PerPixList,...) where:

Parcel#: A unique identifier code for each parcel show-
ing occurrence surface in a 100km square.

PerPixList: A list of area percentages of the
top five spectral subclasses recorded by satellite im-
ages within Parcel#. For example, a PerPixList as
Ab_a,75:Aw_c,20:Gi_b,4:Us_c,1 means the parcel is cov-
ered by 75% Barley, 20% Wheat, 4% intensive, 1% sub-
urban (see Figure 2).

The existing assessment of LCM2000 is based on Broad
Habitats classes (BH). The descriptions of BHs (see Figure

http://www.ceh.ac.uk/data/lcm/LCM2000.shtm



1.1 : broad-leaved wood : Lt : open birch Ga :acid

2.1 : Coriferous wood 16,1 intand rock Dz scrub AF: field heans Gra s acid (rough)

4.1 : arable cereal 17,1 subnrban 2 conifers Ab  horticultuee Gaj ; acid with Juncus
4.2 :arable horticultural 172 continuous urban Cf: felled i : intensive Grarm : acid Mrdus

5.1 - improved grassland U new plantation Gih : grazs Ghr - bracken

6.1 : Meutral W water Ab : barley Gim : grazing marsh Id : despoiled

7.1: Calcareous H: denge Am  mAalre Giiz © grass setaside Ib : semi-natural

8.1 :acid grass Hgz : gorge Ao oats Grn : rough grass Uz : suburban/ neal desr.
9.1 : Bracken Hza : onen Awr wheat G : grass (neutral) 17 : urban residential

Fig. 2: Information lattice of land cover

2) was developed by the Joint Nature Conservation Com-
mittee. LCM2000 aimed to contribute to the assessment
of habitats by mapping, as far as possible, the widespread
examples of terrestrial, freshwater and coastal Broad Habi-
tats [3]. BHs are complemented by subclasses. In gen-
eral, we can consider that BHs are defined from dominant
subclasses. However, [1] remark that there exists parcels,
where the attributed BHs are not the generalization of the
dominant subclasses in the parcel. Moreover, the attributed
BHs may correspond to non-dominant subclasses.

We propose another method for assessment: the BH of a
parcel is the broad habitat class that corresponds to the first
subclass in the "PerPixList”. Notice that the "PerPixList”
is sorted in descending order of the area percentage. This
method of assessment can have a drawback: the broad habi-
tat class corresponding to the dominant subclass may not be
the dominant broad habitat class. For example, in Table 1,
let column BH1 denote the result of the existing assessment
of LCM2000, and column BH2 the result of our approach
to the assessment of LCM2000. Consider the first line, fol-
lowing our approach, the BH2 value is 2.1 (corresponding
to the subclass C_b, with percentage 24). However, the sub-
classes Dm_a and D_c summing up to 42% correspond to
the dominant broad habitat class 1.1 (see Figure 2). Now,
consider the second line of Table 1, normally BH1 must be
1.1, because the dominant subclasses are D_a and D_c, with
54 as the sum of percentages (see Figure 2). But the ex-
isting assessment of LCMZ2000 estimated this broad habitat
values as 2.1. Thus, both methods are not perfect.

4.1 A dataquality measure

In order to evaluate the quality of these methods of assess-
ment, we consider:

The Completeness of basic information: The sum of
all percentages of non-null values in the PerPixlist. The

NoP || PerPixList BH1 || BH2
1 C_b,24:Dm_a,22:D_¢c,20:Ab k9 | 1.1 2.1
2 D_a,36:C.a,34:D_c,18:Am_g,4 2.1 1.1
3 Ac_k,25:Ga_a,17:Gi_e,17 4.2 4.2

Table 1: Two methods for assessment

smaller sum of percentages in PerPixList corresponds to the
lower quality of the estimated broad habitat value.

The Consistency: For each PerPixList, we regroup the
subclasses following the hierarchical structure. For exam-
ple, in the first line of Table 1, subclasses Dm_a and D_c
are regrouped into class 1.1 with percentage 42, C_b is re-
grouped into class 2.1 with percentage 24, and Ab_k is re-
grouped into class 4.1 with percentage 9 (see Figure 2). The
resulting list is sorted in descending order of percentages,
called TopList: 1.1, 42: 2.1, 24: 4.1,9. We say that an
estimated broad habitat value is consistent if it is the first
value of the TopList. Hence, for the first line of Tab 1, BH1
is consistent, but not BH2. In other words, BH1 is more
consistent then BH2. The worst case is the case where the
estimated broad habitat does not correspond to any class in
the TopList.

Basing on the above ideas, Table 2 defines a method for
assigning quality values of the domain {A, B,C, D, E, F'}
whereA>B>C>D>FE>F.

Complet.\conswt‘ 1st 2nd 3rd 4th 5th
> 90 A B C | D| FE
> 60 B | C D | E | F
> 40 C D E F F
<40 F F F F F

Table 2: Method for quality assignment



NoP | Toplist BH1 | BH2 | Cons; | Consy | Compy | Comps | o1 | w2 | Q-Integ | ¢
1 | 1.1,42:2.1,24:4.1,9 1.1 | 21 157 ond 75 75 B | C 1.1 B
2 | 11542134414 21 | 11 2nd 18t 92 92 B | A 1.1 A
3 | 422581175117 | 42 | 4.2 157 15¢ 59 59 cC|C 4.2 C
Table 3: Quality based integration of BH1 and BH2
4.2 Results with this approach it is possible that when increasing qual-

The quality based integration of the assements given in Ta-
ble 1 is resumed in Table 3. We have experimented our ap-
proach on the data of LCM2000 [3], for about 2700 parcels.
In this section we illustrate the result with a restricted num-
ber of parcels in LCM2000. Figures 3, 4, and 5 respec-
tively represent the existing assessment, the PerPixList as-
sessment (Toplist), and the result of the quality based in-
tegration, of the same parcels, using the same color code
given in Figure 2. On the result of the integration, we ob-
serve: The regions where the assessments are in conflict
correspond to striped colors. The classes with these striped
colors are in fact the consensus of the conflicting classes.
In particular, the white color corresponds to total conflict.
The quality of each assessment is given in Figures 6, 7,
and 8, respectively. The color code for quality values is as
follows: A: green; B: yellow; C: orange; D: red; E: dark

red; and F: black.
4 3 3 &

We can observe that the result of the quality based inte-
gration is better than the two assessment sources.

A E

5 Conclusion

We have presented an approach to integration of informa-
tion sources, where information space has the lattice struc-
ture, assuming quality data of information is available in the
sources. The main problems we have to deal with concern
the redundant, complementary, and/or conflicting data. Dif-
ferent methods for combining information of the sources,
using available quality data, are proposed. In particular,
the quality based integration method privileges information
with best quality. In case of the same quality, consensus so-
lution is proposed for conflicting information. Experimen-
tal result shows that the approach is useful and interesting:
for each parcel, the BH class of the assessment with the best
quality is selected as the result of the integration; When the
two assessments assign different classes to the parcels, but
with the same quality, then the consensus class is proposed
for the result of integration. Conflicting classes are detected
on parcels, and consensus classes are shown on the map by
striped colors. The quality of the integration result is ac-
tually improved, as we can see through the quality maps:
the areas with colors black, dark red, red, and orange, re-
spectively, of the last quality map are smaller than the same
areas in the first two quality maps. We remark that when in-
creasing quality in the result of integration, the correspond-
ing information generally becomes less specific. However,

ity in the result of integration, the corresponding informa-
tion may also more specific, as the assessment with better
quality may provides the information which is more spe-
cific.
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