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ABSTRACT

A framework for a multi-attribute multi-source data fusion
is described. Uncertainty of data is modeled by fuzzy sets.
The problem is considered on a general level. Credibil-
ity of sources, compatibility of data, as well as their rea-
sonableness, are taken into consideration. The proposed
method is illustrated by an example.

1. INTRODUCTION

The problem studied here can be described as follows:
Assume that from sourcess1, s2, . . . , sm information on
attributes Att1, Att2, . . . , Attn of an object from a setX
is obtained. Not all sources give information on all at-
tributes, and the information may be imprecise. In the
extreme case, every source may give information only on
one of the attributes. Besides that, we may be supplied
with previous knowledge on the object, and this will be
thought of as reasonableness. Proximity relations are used
to model similarity between elements in attribute spaces.
The problem is to find an element from a finite set of alter-
natives that fits the best with the information we have. As
a tool to represent uncertainty of the information fuzzy
sets are chosen. The work is based on the framework
for multi-source data fusion described by Yager in [3].
However, Yager’s model does not deal with multiple at-
tributes and assumes that the information obtained from
the sources is precise, i.e., these are single-element crisp
sets.

Let us recall here some general terminology and fix
notation. Whenever not relevant, arguments of functions
will be denoted byx, x1, x2, . . . , y, y1, y2, . . ., or by A,
B, . . . when it is important to emphasize that they are
(fuzzy) sets. A functionf(x1, . . . , xn), n ∈ N, is strictly
monotoneif xj < yj for somej ∈ {1, . . . , n} andxi = yi

for all i 6= j implies thatf(x1, . . . , xn) < f(y1, . . . , yn),
and it is monotoneif xj ≤ yj for every j implies that
f(x1, . . . , xn) ≤ f(y1, . . . , yn). The functionf is sym-
metric in the i-th andj-th arguments if its value remains
unchanged when these two arguments are swapped, and it
is symmetric if this holds for any two arguments.

By N we mean the set of natural numbers, andI de-
notes the unit interval[0, 1]. It is rather easy to notice
that this interval can be replaced by any complete lattice,
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but for the sake of simplicity we use the unit interval. A
fuzzy subsetA of a setX is associated with amembership
functionµA : X → I. Without danger of confusion, we
usually writeA(x) instead ofµA(x). The set of all fuzzy
subsets of a setX is denoted byIX since they are func-
tions fromX to I. The intersectionof two fuzzy subsets
A andB is the fuzzy setA∩B with the membership func-
tion (A ∩ B)(x) = A(x) ∧ B(x), where∧ stands for the
min operator. Theheightof a fuzzy subsetA of X is de-
fined by height(A) = maxx∈X A(x). Usually fuzzy sets
in the paper are assumed to benormalized, i.e., they have
height 1.

A fuzzy binary relationon X, i.e., a fuzzy subset of
X × X, is aproximity relationif it is reflexive and sym-
metric, but not necessarily transitive. It defines to what
extent two values fromX can be considered close or sim-
ilar to each other. For example, we may assume two towns
close if their distance is less than 100 km. This relation is
reflexive and symmetric, but obviously not transitive. Re-
call here that a fuzzy relationρ ∈ IX×X is

– reflexiveif ρ(x, x) = 1,
– symmetricif ρ(x, y) = ρ(y, x),
– transitiveif ρ(x, z) ≥ ρ(x, y) ∧ ρ(y, z),

for anyx, y, z ∈ X.
Usuallyn will denote the number of attributes andm

the number of sources.

2. DESCRIPTION OF THE FRAMEWORK

Let X be the universe of a variablea that represents a
fused value. Each of the elements of the universe has
attributes that are fuzzy subsets ofXj , j ∈ {1, . . . , n},
n ∈ N. The functionπj : X → IXj assigns to an
elementa ∈ X the (fuzzy) valueπj(a) of its j-th at-
tribute. From sourcess1, s2, . . . , sm, m ∈ N, informa-
tion on some of the attributes ofa is obtained. The in-
formation on Attj given by sourcesi is a fuzzy subset
of Xj denoted byAij , 1 ≤ i ≤ m, 1 ≤ j ≤ n. In-
formation received from sources is represented as a ma-
trix with elements that are ordered pairs[(cij , Aij)]m×n,
where the first component is fromI \ {0} being the cred-
ibility of the sourcesi for the information on Attj , and
the second component is a fuzzy subset ofXj represent-
ing the information. As noted earlier, not all sources give
information on all attributes, hence the matrix may have
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empty places. However, we assume, without loosing gen-
erality, that every source gives information on at least one
of the attributes, and vice versa, for every attribute there
is at least one source giving information. Besides that,
proximity relations Proxj on Xj , 1 ≤ j ≤ n, are given.
Any previous knowledge on some attributes of our object
is considered as reasonableness, and it is represented as
fuzzy subsetsRj of setsXj , 1 ≤ j ≤ n. In case of miss-
ing this kind of information, we may assume the entireXj

to be reasonable, that isRj = Xj .
When dealing with fuzzy sets, it is often desirable to

’measure’ the amount of information they contain. For
example, when asking about somebody’s age, we would
rather hear an answer ’less than 22’ than ’young’. For this
reason, we are encouraged to involve ameasure of speci-
ficity in the computation. This means that to every fuzzy
subsetA of Xj a valueµj(A) ∈ I is assigned in such
a way that the bigger the set{x |A(x) 6= 0} the smaller
the valueµj(A) is. In extreme cases,µj(Xj) = 0 and
µj({x}) = 1. In order words,µ′(A) = 1 − µ(A) is a
monotonic fuzzy measure(see [4]).

The framework is illustrated in Figure 1. The compu-
tation can be roughly described as follows. The crucial
part of the computation happens on the level of a cell in
this scheme. Namely, when checking an elementa ∈ X,
support of itsj-th attribute Suppij(πj(a)) by the informa-
tion received from thei-th source is computed. However,
this value depends on all values appearing in its row and
influencing its column. The next step is aggregating the
obtained values from the same column, i.e., calculating
support Suppj(πj(a)) of thej-th attribute ofa by the in-
formation on this attribute received from all sources. Fi-
nally, the overall support Supp(a) for a ∈ X is an aggre-
gate of supports of its attributes in each column.

Elements fromX will be compared on the basis of
support their attributes get from the available information,
i.e., for everya ∈ X the value Supp(a) ∈ I is defined by

Supp(a) = F (Supp1(π1(a)), . . . , Suppn(πn(a))), (1)

where Suppj(πj(a)) measures how much thej-th attribute
of a is supported by the information we have received
from the sources. The functionF : In → I is strictly
monotone, symmetric, and satisfiesF (0, 0, . . . , 0) = 0
andF (1, 1, . . . , 1) = 1. In order words, Supp(a) repre-
sents to what extent attributes ofa match the information
received from the sources and the previous knowledge.

Using reasonablenessRj , we can computereasonabil-
ity of a fuzzy subsetA of Xj , 1 ≤ j ≤ n, in notation
rj(A), as the height of the intersectionA ∩Rj , i.e.,

rj(A) = max
x∈Xj

(A(x) ∧Rj(x)). (2)

Another constraint for usefulness of a fuzzy setA is its
measureµj(A). Now the measure ofusefulnessof A, in
notationuj(A), is defined by

uj(A) = µj(A) ∧ rj(A). (3)

Roughly speaking,uj(A) represents the amount of use-
ful information contained inA. It is clear thatuj(A) =
µj(A) in case we do not have any information on reason-
ability. In the other extreme case, whenA = Xj , we get
uj(A) = 0. Let us note thatuj(A) = 0 if either A is
too big or it does not contain reasonable information, i.e.,
rj(A) = 0. The later will have a serious consequence on
Supp.

Let us now consider the function Suppj : IXj → I
defined by

Suppj(A) = f(Supp1j(A), . . . , Suppmj(A)) (4)

The functionf is defined for all finite sequences of el-
ements fromI since the number of sources for different
attributes may be different, i.e.,f : ∪m∈NIm → I. This
function is strictly monotone and symmetric since the or-
der of the sources does not matter. It is also idempotent
in the sense thatf(x, x, . . . , x) = x since if all sources
agree on support for an attribute, then the overall sup-
port should have the same value. Moreover, the condition



f(x1, . . . , xm, f(x1, . . . , xm)) = f(x1, . . . , xm) holds,
meaning that if we happen to get a new piece of infor-
mation from a new source on the same attribute and the
support for the new information equals the support of the
previously computed fused value, then the result should
be the same. Therefore, this function is mean-like.

The function Suppij : IXj → I represents the support
a fuzzy subsetA of Xj gets as a value for Attj according
to the available information, in particular the one obtained
from sourcesi. The value Suppij(A) of a fuzzy subsetA
of Xj depends on:
• Compatibilitybetween fuzzy setsA andAij is denoted
by Compj(A,Aij). Clearly, it measures how much the
information on thej-th attribute represented by setA is
compatible with the information we have received from
sourcesi. Compatibility is a function of a given proxim-
ity relation Proxj on Xj . The proximity relation can be
extended to fuzzy subsets by

Proxj(A, B) = max
x,y∈Xj

(A(x)∧Proxj(x, y)∧B(y)). (5)

If both setsA andB are crisp, this value becomes
maxx∈A,y∈B Proxj(x, y), and for two crisp values the ex-
tended proximity equals their proximity. For that reason
we are allowed to use the same notation for both essen-
tially different relations.
• Credibility cij ∈ I of sourcesi with respect to attribute
Attj is one of the inputs. It may originally be computed
as a functionc(c1

ij , c
2
ij), wherec1

ij is the credibility that
decision maker assigns to the sourcesi and for the at-
tribute Attj , c2

ij is the self-confidence of the sourcesi on
the informationAij . However, it is possible that during
processing, the valuecij needs to be modified. First of
all, usefulness of the informationAij can modify credi-
bility. Further, to every source we assignreliability, in
notation rel(i). This value depends on reasonableness and
credibility of all information we have got from the source.
In case the source always gives reasonable answers, i.e.
rj(Aij) 6= 0, then rel(i) does not influence the credibil-
ities. In case we get unreasonable information from the
source, still this should not make a big influence on the
reliability of the source if the credibility for the informa-
tion was not big, but in case it was bigger than a certain
threshold, that should certainly decrease our overall con-
fidence in the source, and all credibilities assigned to it.
Moreover, we may even decide to ignore all the informa-
tion we have got from the source, i.e., to remove it from
our matrix. Therefore,

rel(i) = p(dif(ci1, r1(Ai1)), . . . , dif(cin, rn(Ain))) (6)

wherep is monotone, symmetric, rel(i) ≥ cij for eachj
in case allrj(Aij) 6= 0 andp(x1, . . . , xn) = 0 ⇔ xj = 0
for somej. The function dif : I2 → I measures the
importance of the difference between the values of cred-
ibility and reasonableness, and it satisfies the condition
dif(c, r) = 0 ⇔ r = 0 andc ≥ α for a given threshold
α ∈ I. Finally, the new credibilityc′ij is computed as

c′ij = h(cij , uj(Aij), rel(i)) (7)

It is monotone, min-like, symmetric in the first two ar-
guments, and the last argument influences only in case
it is 0. Thus, the original credibility is modified by the
middle argument, which is concerned with the credibility
of the information, and the last, which takes care of the
source in general. Information with credibility 0 should
not influence the final result, and hence ifc′ij = 0 then
the information on the placeij is discarded from further
consideration. In this way an unreliable source becomes
removed from the scheme.

After this, Suppij(A) can be computed using

Suppij(A) = uj(A) ∧ g(c′ij , Compj(A, Aij)), (8)

whereg : I2 → I is monotone, and it satisfies conditions
g(1, 1) = 1 andg(x, y) = 0 if and only if x = 0 or y = 0,
that is, this is a min-like function. It can be viewed as local
support of the sourcesi to the valueA for Attj .

Let us now consider again functionF from (1). If
rj(πj(a)) = 0 for somej, i.e., if thej-th attribute ofa
does not match the previous knowledge on this attribute,
thenF should be defined so that Supp(a) = 0, i.e., for

r(a) = ∧n
j=1rj(πj(a)) (9)

we have
r(a) = 0 ⇒ Supp(a) = 0.

On the other hand, even ifr(a) 6= 0, still it is possible that
πj(a) does not match the information on thej-th attribute
we have got from all reliable sources. This means that for

P (a) = ∧n
j=1 ∨m

i=1 Compj(πj(a), Aij)

the following holds

P (a) = 0 ⇒ Supp(a) = 0.

This can be handled by correcting reasonabilities
rj(πj(a)) in this way

r′j(πj(a)) = rj(πj(a)) ∧ sgn(r(a) ∧ P (a)),

i.e., new reasonabilities are either the same as before or all
are 0 if one of the attributes ofa is not reasonable or not
compatible with the information obtained from sources.
Continuing computation with these reasonabilities in case
they are 0 implies that all Suppij(πj(a)) are 0, and so
Supp(a) = 0.

3. OUTPUTS

Let us assume that outputs belong to a final set of alterna-
tivesX. In case we are supplied with precise information
on all attributes of all alternatives, we are able to order
linearly elements fromX with

a ≤ b ⇔ Supp(a) ≤ Supp(b).

The set of all elements with maximal Supp(a) will form a
complete solution to the problem in this case.

However, in the spirit of dealing with imprecise in-
formation, we cannot expect to have exact values for all



attributes of all alternatives, some part of this information
maybe completely missing. In this case we may compute
the amount of available information about an alternative,
that is

µ(a) = µ1(π1(a)) + . . . + µn(πn(a)).

Now a partial order, i.e., a reflexive, antisymmetric and
transitive relation, can be defined onX by

a ≤ b ⇔ r(a) ∧ P (a) = 0 or
(µ(a) = µ(b) and Supp(a) ≤ Supp(b)).

(10)
This means that an elementa with one of the attributes
not reasonable or not compatible with the information ob-
tained from sources, is smaller than any other, or two ele-
ments can be compared if there is equal amount of infor-
mation on their attributes. This seems rather strict and is
rarely the case. Hence, we may extend this relation by

a ¹ b ⇔ r(a) ∧ P (a) = 0 or
(|µ(a)− µ(b)| ≤ α and Supp(a) ≤ Supp(b))

for someα ∈ I. On the basis of this relation elements of
X can be compared, although it is not transitive.

Another way to compare elements is by computing
their relative acceptability, in notation acc(a), by

acc(a) = Supp(a)/µ(a). (11)

This results in a total order defined by

a . b ⇔ acc(a) ≤ acc(b).

This order extends the partial order≤ defined in (10).

4. POSSIBLE CHOICES FOR FUNCTIONS

In the following table we give an overview of the func-
tions appearing in the model, with short explanation and
reference to equations where they are applied.

function description ref.
F (x1, . . . , xn) overall support (1)
f(x1, . . . , xn) support for attribute Attj (4)
p(x1, . . . , xn) reliability of sourcesi (6)

dif(x, y) difference between (6)
credibility and reasonability

h(x, y, z) modified credibility (7)
g(x, y) support at the placeij (8)

Compj(A,B) compatibility of two sets (5,8)
rj(A) j-reasonability of a fuzzy set (2)
µj(A) j-measure ofA

Proxj(A,B) proximity between fuzzy sets (5)
rel(i) reliability of sourcesi (6)
r(a) reasonableness of alternative (9)

r′j(πj(a)) modified reasonableness
πj(a) fuzzy value of Attj of a

We have already discussed conditions that functions
used in (1)–(8) must satisfy. The functionF in (1) can be
either product or average. Anyway, product would give

Supp(a) = 0 even ifa is a reasonable solution, but we do
not have information on one of its attributes. This would
not be in the spirit of dealing with imprecise data, hence
our choice here is the average function.

Here we list functions that satisfy previously given
conditions, and hence are possible choices for the func-
tions.

F (x1, . . . , xn) = 1/nΣn
i=1xn

f(x1, . . . , xn) = 1/nΣn
i=1xn

p(x1, . . . , xn) = sgn(x1) ∧ . . . ∧ sgn(xn)

dif(x, y) =
{

x, y > 0
0, y = 0 andx ≥ 0.5

h(x, y, z) = x ∧ y ∧ z
g(x, y) = x ∧ y
Compj(A,B) = Proxj(A,B)

Using this, equations (7) and (8) become

c′ij = cij ∧ uj(Aij) ∧ rel(i)
Suppij(A) = uj(A) ∧ Proxj(A,Aij) ∧ c′ij .

This will be used in the following example. Let us
only mention here that more on aggregation operators used
in information fusion frameworks can be found in [2].

5. EXAMPLE

We are going to illustrate our method on a hypothetical
example. Assume that we are looking for the driver of a
car in which there were 4 persons. Three witnesses saw
the driver and gave some information on his age, height,
hair color and sex. Anyway, we know for certain the driver
is young and has brown hair. Credibilities of sources vary
as one of them is a child, the second was not in a good
position to see the driver well, and the third has vision
disorder. The knowledge matrix[(cij , Aij)]1≤i≤3,1≤j≤4

is given in Table 1.

The first problem we are faced with is representing lin-
guistically given fuzzy sets in the form of functions. This
is a very complex problem (see [1,5,6], for example), and
we will accept here without much justification the presen-
tation given in Figure 2 for the sets appearing in Table 1.
In order to do this we need first to determine the underly-
ing setsXj , 1 ≤ j ≤ 4. Namely,

X1 = {1, 2, . . . , 100}, X2 = {70, 71, . . . , 220},
X3 = {1, 2, . . . , 100}, X4 = {M,F}.

The setX3 needs more explanation. Indeed, we can as-
sume that there are 100 possible hair colors. The colors
are distributed so that roughly the first 5 on the scale are
considered gray, from 5 to 10 are between gray and blond,
from 10 to 35 are strictly blond, from 35 to 50 are blond
towards brown colors, from 50 to 70 are brown, from 70
to 85 brown towards dark, and the rest are strictly dark.



age height hair sex
s1 (0.8, approx. 30) (0.8,≥ 150) (0.8, brown) (1,M)
s2 (1,180) (0.8,dark)
s3 (0.6,15-50) (0.8,≥ 170) (0.2, gray) (1,M)

Table 1
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Proximity relations are given by

Prox1(x, y) =
{

1− |x− y|/5, |x− y| ≤ 5
0, otherwise

Prox2(x, y) =
{

1− |x− y|/10, |x− y| ≤ 10
0, otherwise

Prox3(x, y) = (gray(x) ∧ gray(y))∨
∨ (blond(x) ∧ blond(y))∨
∨ (brown(x) ∧ brown(y))∨
∨ (dark(x) ∧ dark(y))

Prox4(x, y) =
{

0, x 6= y
1, x = y

All the measures are defined in the same way

µj(A) = 1−
∫

Xj
A(x)dx∫
Xj

dx
. (12)

Before analyzing alternatives, new credibilitiesc′ij are
computed. It is easy to see thatr1(A11) = r1(A31) =
r3(A13) = 1, r3(A23) = 0.4667, r3(A33) = 0 and all the
rest is 1 by default. Sincec33 = 0.2 is rather small, then
r3(A33) = 0 will only imply c′33 = 0, but still rel(3) = 1.
Knowing this, we can discard the information on the place
33 from further consideration. Hence, all the sources have
reliability 1. The measures ofAij sets, according to (12),

are:

µ1(A11) = 0.95 µ2(A12) = 0.8333
µ3(A13) = 0.65 µ4(A14) = 1
µ2(A22) = 0.9667 µ3(A23) = 0.775
µ1(A31) = 0.65 µ2(A32) = 0.8333
µ4(A34) = 1

Using (3) we get

u1(A11) = 0.95 u2(A12) = 0.8333
u3(A13) = 0.65 u4(A14) = 1
u2(A22) = 0.9667 u3(A23) = 0.4667
u1(A31) = 0.65 u2(A32) = 0.8333
u4(A34) = 1

This gives new credibilities by (7)

c′11 = 0.8 c′12 = 0.8 c′13 = 0.65 c′14 = 1
c′22 = 0.9667 c′23 = 0.4667

c′31 = 0.6 c′32 = 0.8 c′33 = 0 c′34 = 1

Credibilities in positions 13, 22 and 23 became lower for
different reasons: the setA13 contains rather small infor-
mation comparingc13, the same can be said aboutA22

since we have considered 180 as fuzzy number and had
very high credibilityc22 = 1, andA33 has conflict with
the fact that hair is brown.

We are proceeding by analyzing alternatives. The set
X consists of 4 persons that were in the car, and here are
their data



(a) John is 33, tall 185 cm, has brown hair;
(b) Mary is 30 and tall 170;
(c) Peter is more than 25 and has dark hair;
(d) Bob is 37, tall 180, has brown hair.

Each of the alternatives is analyzed separately.
(a) Clearly, all reasonabilities are 1, and henceuj func-
tions are equal toµj , where, by (12),

µ1(33) = 1 µ2(185) = 1
µ3(brown) = 0.65 µ4(M) = 1

and henceµ(John) = 3.65. Further, Prox1(33, A11) =
0.6 and it is achieved for32 since Prox1(33, 32) = 0.8 and
A11(32) = 0.6. Similarly, using (5), the rest of proximity
relations are calculated

Prox1(33, A11) = 0.6 Prox1(33, A31) = 1
Prox2(185, A12) = 0.2 Prox2(185, A22) = 0.6
Prox2(185, A32) = 1
Prox3(brown, A13) = 1 Prox3(brown, A23) = 0.4667
Prox4(M, A14) = 1 Prox4(M, A34) = 1

As r(John) ∧ P (John) 6= 0 we can continue using the
same reasonabilities. This gives by (8)

Supp11(33) = 0.6 Supp12(185) = 0.2
Supp13(brown) = 0.65 Supp14(M) = 1
Supp22(185) = 0.6 Supp23(brown) = 0.4667
Supp31(33) = 0.6 Supp32(185) = 0.8
Supp34(M) = 1

Computing Suppj as average of Suppij for all i where
there is relevant information gives

Supp1(33) = 0.6 Supp2(185) = 0.5333
Supp3(brown) = 0.5584 Supp4(M) = 1

and hence, by (1) and (11),

Supp(John) = 0.6729 and acc(John) = 0.1844.

(b) When considering Mary, information on the sex of the
driver given by the sources excludes Mary as the driver.
Anyway, let us see how this can be obtained using our
method. Namely, Prox4(F, A14) = Prox4(F, A34) = 0,
and henceP (Mary) = 0. This further implies that
r′j(πj(Mary)) = 0, and so Suppj(πj(Mary)) = 0, for
everyj, what finally gives Supp(Mary) = 0.
(c) Peter is ’more than 25’. This will be fuzzy setA given
in Figure 3.

A
A
A

1

25 30 35

Figure 3
Measures are now

µ1(A) = 0.925 µ2(X2) = 0
µ3(dark) = 0.775 µ4(M) = 1

and soµ(Peter) = 2.7. Reasonabilities are

r1(A) = 1 r2(X2) = 1
r3(dark) = 0.4667 r4(M) = 1

Thus,

u1(A) = 0.925 u2(X2) = 0
u3(dark) = 0.4667 u4(M) = 1

From u2(X2) we get Supp2(X2) = 0. Similarly to the
case (a), Supp4(M) = 1. Let us compute now Supp1(A)
and Supp3(dark). Proximities are

Prox1(A,A11) = 1 Prox1(A, A31) = 1
Prox3(dark, A13) = 0.4667 Prox3(dark, A23) = 1

As r(Peter) ∧ P (Peter) 6= 0 we can proceed using the
same reasonabilities. This gives

Supp11(A) = 0.8 Supp31(A) = 0.6
Supp13(dark) = 0.4667 Supp23(dark) = 0.4667

and so

Supp1(A) = 0.7 Supp3(dark) = 0.4667

what finally implies

Supp(Peter) = 0.5417 and acc(Peter) = 0.2026.

(d) Bob is 37, tall 180 with brown hair. We need to com-
pute here only Supp1(37) and Supp2(180). The rest is al-
ready done in (a). Measures areµ1(37) = µ2(180) = 1,
and thusu1(37) = r1(37) = 0.6 andu2(180) = 1. Prox-
imities are

Prox1(37, A11) = 0.2 Prox1(37, A31) = 1
Prox2(180, A12) = 0.5 Prox2(180, A22) = 1
Prox2(180, A32) = 1

It is obvious that there is no need to modify reasonabili-
ties. Hence,

Supp11(37) = 0.2 Supp31(37) = 0.6
Supp12(180) = 0.5 Supp22(180) = 0.9667
Supp32(180) = 0.8

and so

Supp1(37) = 0.4 Supp2(180) = 0.7556

what finally implies

Supp(Bob) = 0.6785 and acc(Bob) = 0.1859.

Let us compare all reasonable alternatives. In Table
2 their measures, acceptabilities, the overall and separate
supports are listed.

All alternatives seem to be quite good choices. There
is equal amount of information about John and Bob, and
Bob seems to be a slightly better alternative. The reason
could be that the available information on height of the



µ Supp acc Supp1 Supp2 Supp3 Supp4 Supp(134)
John 3.65 0.6729 0.1844 0.6 0.5333 0.5584 1 0.7195
Peter 2.7 0.5417 0.2026 0.7 0 0.4677 1 0.7222
Bob 3.65 0.6785 0.1859 0.4 0.7556 0.5584 1 0.6528

Table 2

driver is more reliable than the one on age. Lack of infor-
mation on Peter’s height prevents us from any final deci-
sion since he has the greatest acceptability, as shown in the
third column, and thus he seems to be the most acceptable
alternative according to the available information. This
can be also seen from the last column, where the informa-
tion on height of the other two candidates is excluded, and
hence measures of information for all the three of them
are rather equal. Therefore, the final decision can not be
made before the information on Peter’s height becomes
available.

6. CONCLUSION

The work is a contribution to a multi-source multi-attribute,
or multi-objective, data fusion. In the case there is precise
information on every attribute of every alternative, it re-
sults in a unique set of complete solutions. Otherwise, it
enables comparing alternatives on the basis of available
information, and thus can be considered as a tool for deci-
sion support. It is based on Yager’s framework for multi-
source data fusion. The novelty of this work is in dealing
with multiple attributes and using fuzzy sets for represent-
ing information.
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