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Abstract. In this paper, we proposed a novel decision fusion scheme based on
the psychological observations on human beings visual and aura attention
characteristics, which combines a set of decisions obtained from different data
sources or features to generate better decision result. Based on studying of the
“heterogeneity” and “monotonicity” properties of certain types of decision fu-
sion issues, a set of so-called Attention Fusion Functions are devised, which are
able to obtain more reasonable fusion results than typical fusion schemes. Pre-
liminary experiment on image retrieval shows the effectiveness of the proposed
fusion scheme.

1 Introduction

Generally information fusion is about summarizing information in an embodiment of
multiple sources and typically categorized into three classes, data fusion, feature fu-
sion and decision fusion [1]. Considerable works on this topic have been reported in
literatures [1]-[8]. In the field of multimedia content analysis, indexing and retrieval,
numerous theory or application issues can be classified into one or more of these three
classes. Among these, decision fusion is aiming at obtaining better or optimal deci-
sion result by appropriately combining a set of decision results, whether they are hard
decisions (i.e., true of false) or soft ones (confidence vaues), from different sensors,
feature sets, and so on. A good decision fusion scheme is expected to sufficiently
utilize the information provided by the set of to-be-fused decision results, while sup-
press the noises in them at the same time.

In this paper, we will propose a new decision fusion scheme based on the psycho-
logical observations on human being’s visual and aura attention characteristics, which
combines a set of decisions obtained from different data sources or features to gener-
ate better decision result. “Attention” is a neurobiological conception. It means the
concentration of mental powers upon an object by close or careful observing or listen-
ing, which is the ability or power to concentrate mentally [9]. Generally, people will
concentrate their attention upon the circumstances when there is something (event,
object, etc.) can be apperceived. And the “degree” that people will concentrate their
attention on the event or object is proportional to the “quantity” of the information (or
we may call it attention index or attention value [9]) it provides, say, the strength of a
sound, the speed of a motion, the size of an object, and so on. But what will happen
when two or more sources of such information are provided in the circumstance? Are
people will concentrate their attention in the degree of the “sum” of all of the attention
indices, or the average of them, or the maximum of them? Generally linear combina-
tion (LC) of the attention indices of different attention components (e.g., motion, color,



audio, etc.) is a smple but effective scheme. However, this kind of linear combina-
tion is not reflecting all the information that the attention indices of the attention com-
ponents contained [10]. In this paper, we proposed a so-called Attention Fusion
Function (AFF) to model the above issues. And, this fusion scheme can be used to
fuse a set of decisions with similar characteristics (we may call it “attention proper-
ties’, to be detailed in Section 2). It should be mentioned that the proposed AFF fu-
sion scheme is not a general fusion scheme suited for solving general decision fusion
issues, but especially applicable for decision issues having the “attention properties’.

The rest of the paper is organized as follows. Section 2 presents the attention-
based decision fusion scheme in detail. Preliminary experiments on applying the
fusion scheme on image retrieval are introduced in Section 3, followed by conclusion
remarksin Section 4.

2 Attention Fusion

We denote the set of to-be-fused decision results (normalized to interval [0,1]) as a
decision vector % =(x,,X,,---,X,), Where 0< x <1,1<i<n. A general fusion

function is denoted as f(x) or f(x, x,,---,x,)- |t should be noted that the following

analyses are based on the assumption that the to-be-fused decisions have the “attention
properties’ mentioned above.

2.1 Two-Dimensional Case

Firstly let's consider a simple case in which we only have two decisionsto fusg, i.e., n
= 2. Weights for the decisions are also not taken into account &t this stage, i.e., al the
weights are equal to 1/n. Let's see two decision vectors, (0.8, 0) and (0.4, 0.4), if
linear combination is applied, f (0.8, 0) will have the same value asf (0.4, 0.4). How-
ever, this result does not coincide with the real case. Actualy, the first decision vector
is more “attractive” (if we regard the decisions as attention indices of different atten-
tion components), as one attention component with high attention index will “attract”
people’s attention greatly. Accordingly, it will be better if the fusion function satisfies
the following inequality,

f(x, %)< f(x +e&,%—¢), D
where 0 <& < X< x;. In contrast, if we use linear combination, f (X, X) isequal to f
(X1+e, Xo¢), thus it does not satisfy this property. For convenience, we name this
property “heterogeneity”. On the other hand, it is obvious that the fusion function
should satisfy another property, monotonicity, i.e.,

F6%) < fx+e.%,) @)
where ¢ > 0. Maximum function (MAX) satisfies (1), while does not strictly satisfy
this monotonicity property. When the strict inequality signsin equality (1) and (2) are
replaced by non-strict inequality signs, the fusion function could be,

AFF © (x,, XZ):%[(X1+X2)+‘X1_XZH' @)

Obvioudly, this function is obtained just by adding a correction, the difference be-
tween the two decisions, to the linear combination fusion result. In order to strictly
satisfy the two inequalities simultaneoudly, we have the following theorem.



Theorem 1 (2-Dimensional AFF without Weights): The following function
1 1
AFFZ(y)(xl,xz)z2{(x1+x2)+1+}/x1—x2} (4)

satisfies inequality (1) and (2), where y >0 isa constant. O
For the above mentioned example, we got Arr(®?(0.80)=0733 , While

AFF?(0.4,0.4)=0.4, Wwhich obvioudy indicates the first one is more “attractive’.
Figure 1 shows the comparison of LC, MAX, AFF @and AFF”). Actually if x; = X,
wewill have MC = MAX = AFF}”) = AFF ©, whilewhen x; # X;, we have

LC(x, %,) < AFF,7(x, %,) < AFF,%(x,,%,) = MAX (%, %, ) - )
LC: Line Combination AFF: 2-Dim Attention Fusion MAX is equal to AFFO
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Fig. 1. Comparison of LC, MAX, AFF ) (denoted by “AFFO” in the figure), and AFF.”

(denoted by “AFF"). The three sub-figures in the second line show the differences between
AFF,”'and LC, MAX and AFF”), MAX and LC, respectively.

The parameter y> 0 is a predefined constant, which controls the amount of differ-
ences between the left sides and right sides of inequalities (1) and (2) when X3, X, and
¢ arefixed. The greater the parameter y is, the smaller the differences are. To be
exact, (1/y) represents the effectiveness of one decision component in the overall
decision. For example, (0.5, 0.7) — (0.6, 0.6) is equal to 0.091 and 0.067 when v is
equal to 0.1 and 0.5, respectively. The smaller the parameter y is, the more greatly
that one decision component with high index (or confidence) will affect (increase) the
overal decision index. In Table 1, we list some examples to show the differences
between attention fusion function and LC (i.e., average) under different parameters.

Table 1. Differences between attention fusion function and averaging

X X AFF)”  Average Difference y  AFFJ) Average Difference

01 08 0.74 0.45 0.29 0.68 0.45 0.23
02 08 0.2 0.75 0.50 0.25 05 0.70 0.50 0.20
05 05 ' 0.50 0.50 0.00 ' 0.50 0.50 0.00

00 10 0.91 0.50 0.41 0.83 0.50 0.33




2.2 n-Dimensional Case
For n-dimensional case we have Theorem 2.
Theorem 2 (n-Dimensional AFF without Weights): The following function
AFF. (%) = E(>‘<)+72(n_i)+ o Tax e ©)
where y >0 is a predefined constant, and E(>‘<) is the average value of decision com-
ponentsin vector x, satisfies the inequality
AFE D (X, oo X,y ey X ) < AFF (X, ey X 4 8,00y X, ) 5 (7)
where 1<i<n, £ >0, and inequality
AFF (X ey Xy ey Xy X ) S AFF D (X X €y, X, = €000 Xy ) (8)
where 1<i< j<n, x >x, >¢>0. When
X; —e<E(X)<x +¢; 9
the inequality signin (8) will be strictly satisfied. O
When weights are taken into consideration, we have
Theorem 3 (n-Dim AFF with Weights): The following function

1 n
WX+ WX, —W- X
AFFW) () = 2(n-1)+ny (10)
w
satisfies inequality
AFFW D (X, o0y X,y ooy X ) < AFFW D (X, ooy X, + £,y X)) (11)

where 1<i<n, £ >0, and inequality
AFFW, D (X, oy Xy X oy X )< AFFW (X, oy X+ W6, X = WE o X)) (12)

i j
where1<i< j<n,wx >wx, 2ww.e>0. When

NW, X; = NW,W; £ < W- X < NWX +NWW, € (23)
the inequality sign in (12) will be strictly satisfied. In the above expressions, y > 0is
a predefine constant, and

1 n
W=WW)=1+—"7— 1-
(W) + 2(n_1)+ ny Zk:l‘ W

’ (14
and w=(w,---,w,) isthe weight vector satisfyingw, >0, 1<k <n, andZZﬂWk =1. 0

Actualy, W is equal to the maximum value of the numerator of the right side of
equation (10). Therefore, we have

0< AFFW(%)<1 . (15)
When all weights are equal, obviously we have W =1 and
AFFW, " (%)= AFF) (%) - (16)

Figure 2 shows the comparison of LC, AFF.”and AFFW,”), when w; = 0.6 and w, = 0.4.
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Fig. 2. Comparison of LC, AFF,”) (denoted by “AFF" in the figure) and AFFW,”

(denoted by AFFW). The figures in the second line show the differences between
AFF,'and LC, AFFW,”) and AFF”, AFFW,” and LC, respectively.

2.3 Further Improvement
It is observed that, for n-dimensional AFF, some fusion results are still not “fair”
enough. For example, when n = 10, f(0.1,0.1,---,0.1)= 0.1 while f(1,0,---,0)=0.19
(y=02). Intutively, f(10,---,0) should have relatively larger value. Actualy,
according to (6) and (8), it iseasy to prove that
. Do )\ 2MAX(X)
LC(x)< AFF"(x)< AFFO)(x) < =222 . (17)
n

Therefore, when n islarge, AFF*)(x) is much less than MAX (x). To solve this issue,

another constraint is required, which is defined by
f(X)= a- MAX(X), (18)
where ¢ isapredefined constant.

Theorem 4 (Improved n-Dimensional AFF with Weights): The following function
o- rg&)ﬁ{nwkxkh B-W - AFFW."(x)
E
satisfies inequality (11), (12) (function name should be replaced by |AFFW) under the

corresponding constraints, as well as satisfies

IAFFW. ") (%)= (19)

IAFFW, ") (%) > Wi -max{rw, x, } (20)
0 < IAFFW, 7 (x) <1 (21)
where 0< a, B <1, a+ =1, Wisdefined in equation (14), and
w* =0¢-prk;3>§{anXk}+ﬂ-W . (22)
When we have (13) or
wx; = max {w, X, } (23)

theinequality signin (12) will be strictly satisfied. O



Proof of Theorem 4 can be found in the Appendix, which also indicates Theorem
1, 2 and 3 are aso correct. Figure 3 shows the comparison of AFFV\/Z("-Z)()‘() and

IAFFW,°?(%). In the above example, when we setg = 0.7, 4 = 0.3,y = 0.2, and all
weights are equal to 0.1, we have better results as (0.1,0.1---,0.1)=0.1
and f(1,0,---,0)= 0.757 . Obvioudly, if al weights are equal, we have w* =w =1,
and the improved attention fusion function without weight is

IAFF," (%)= o - max{x, } + B - AFF,"(x) - (24)

(& AFFW.?(x) (b) IAFFW?(x)  (c) Difference between (b) and (a)
Fig. 2. Comparison of |arFw©? (x) and AFFwW,°? (%) (2=0.7, =03, w =0.6,w, =0.4)

3. Préiminary Experiments

Content-based image retrieval is taken as an example to demonstrate the advantage of
the novel fusion scheme. A database containing 10,000 images excerpted from Coral
Draw image database is used, which has been categorized into 79 classes (such as
tiger, beach, building, etc.) according to their content. In the experiments, 20% images
randomly selected from the database are applied as query samples one-by-one, while
the images in the same class as the query image are considered as positive samples.

Six sets of features, including color histogram, color moment, wavelet, block wave-
let, correlagram, blocked correlagram [11], are employed to calculate the similarity
between two images using L1 distance measure. Each set of features will produce a
similarity measure or decision for any image in the database compared with the query
image. Table 2 shows the performances (recall rate for the first 100 query results and
precision rate for the first 10, 20, 30 and 100 query results) when using average fusion,
maxima fusion and attention fusion (IAFFW), respectively. From the numbers in
Table 2, it can be seen that Attention Fusion produces relatively better results.

Table 2. Comparison of different decision fusion schemes. R100 is the recal rate for the first
100 query results, while P10, P20, and P30 are the precision rates for the first 10, 20 and 30
query results, respectively. And the parameters for IAFFW are set as, y =0.2, =07,

B=03, w=w,=---=w;=1/6
Fusion Schemes R100 P10 P20 P30 P100
Average Fusion 0.121 0.315 0.244 0.212 0.138
Maximal Fusion 0.125 0.321 0.252 0.230 0.141
IAFFW 0.130 0.325 0.265 0.243 0.153

A better Evaluation of the proposed attention fusion scheme can be obtained by ap-
plying the scheme on the decisions produced from different types of features, such as
color, shape and so on, as well as by testing on applications in which the decisions are
obtained from multiple modalities. Thisis our future work.



4. Concluson and Discussion

In this paper, we have proposed a novel decision fusion scheme, Attention Fusion,
which combines a set of decisions generated from different data sources or features to
obtain better decision result. The fusion scheme is based on the two properties,
monotonicity and heterogeneity, of the to-be-fused decision set, which come from
psychological observations and assumptions of human beings' visual and aural atten-
tions. The proposed fusion scheme can be used to obtain better decision result in the
case of these two properties are satisfied. The future work would be to test the
scheme on more and wider applications. In addition, how to automatically determine
the best parametersis still unsolved. Another future work would be to extend the idea
of constructing attention functions to other types of decision fusion issues with differ-
ent properties.
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Appendix
Proof of Theorem 4: Without losing generality, weleti =1,andj = 2.
(a) Proof of inequality (12):
IAFFW Y (X) = IAFFWY (X, X, ..., X, )= IAFFWD (X, +Woe, X, —WiE, Xg, .00 X, )
_ o max{iwgx, + NVLWL€, TWG X, — MWW,E, WX, . nwnxn}+ BW-AFFW(x) = (25)
w* w*
As WX, = W, X, = WW,e , We have

max{nw, X, + NWWLE, MALX, — MW WLE, MW, X, .., W, X, > ankax{anxk} : (26)
<k<n

On the other hand,



1 n 1
W - AFFW) Zk W, X, + 2(72;21 nw, X, _ﬁzkzl nw,x, | @27

n-1)+ny

Let

Ve =W X0 Yo =W X, £ =NWW,E - (28)
Then we have
1 n
W AFFW (%) = E(Y)+ ————— ~E(y

V(%)= E(y) Zm_n+ny§;ﬂwk (v) (29)

and

W- AFFW (%) = E(y :

W (X)=E()+ T > [yi—E() (30)

As
Vi =WX 2 MW, X, =Y, o (31)

itis easy to prove (by removing the absolute signs under certain conditions) that
|v; —E(9) +]Y; — E(V) =[y, + &~ E(Y) +]y, - €'~ E(V) 2|y, ~E(y) +|y, —E(Y) - (32)
From (29), (30) and (32), we have

W - AFFW 1 (3)2W - AFFW 7 (%) - (33)
Consequently, from (25), (26) and (33) we have
IAFFW (%) 2 IAFFWY (%) (34)

When (13) is satisfied, the inequality sign in (32) and (33) will be strictly satisfied. While if (23)
is satisfied, the inequality sign in (26) will be strictly satisfied. Therefore, when (13) or (23) is
satisfied, the inequality signin (34) will strictly satisfied.

(b) Proof of inequality (11): Similar to (a), we only need to verify

W AFFW (x') > W - AFFW,7 (%) (35)
where
X=X+ 8%, %) - (36)
We use (28) to definey:(ylyyzy...,yn) and y' =(y;,y,, -, Y,) Wwethen have
(2n-1)+ny)E(Y)+> Y —E(Y)
—(2(n— v) 4 €
=(2(n l)+ny)(E(y)+ . ]+ 37)

<

2k

Y1 +W@—[E(V)+%J

ye-[El9)+ 2

=(2(n-1)+ ny)E(y)—i-[ Y, +We - (E(y) + %) +—= ng}
(38)
+Zk 2|:yk [ (y)+ e j+Wr1]}+7W1
>(2An-1)+ny)E(y)Hy, - E(y)+ zk Vi —E )1 + e (39)
>(2(n-1)+ny)E +Zk v —E(y) - (40)

Thus (35) is proved, and consequently inequality (11) is proved.
(c) Proofs of inequality (20) and (21) are obvious, so they are omitted here. O



