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Abstract: Aiming at the problem that the traditional Dempster-
Shafer (D-S) evidence theory cannot deal with conflicted evidences
effectively and correctly, this paper points out that the key issue
of this problem is to measure the degree of conflict between evi-
dences correctly after analyzing various improved methods. The
existing evidence conflict measure methods are analyzed, and a
new evidence conflict measure method called evidence similarity
measure based on the Tanimoto measure is proposed, while a new
evidence combination method is proposed on the basis of evidence
similarity measure. Firstly, the conflict degrees between evidences
are obtained through the evidence similarity measure. Then the
evidence sources are modified based on the credibility of differ-
ent evidences and the weights of conflicted parts of evidences on
different focal elements are determined. Finally, the fusion result
is obtained by this method. Numerical examples show that the
proposed method can effectively fuse evidences when evidences
are consistent or highly conflicted, and it has a fast convergence
speed, a high degree of accuracy and good adaptability.
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1. Introduction

As a kind of uncertainty reasoning method, the evidence
theory can well deal with uncertain problems caused by
randomness and fuzziness without prior probability and
conditional probability density. It has been widely applied
to the multi-source information fusion [1-3].

However, the process of evidence combination can
sometimes produce counterintuitive conclusions, when
there is a conflict between evidences. Aiming at this de-
fect, many scholars have actively analyzed and discussed,
and successively put forward various improved methods
[4-13]. In general, the existing improved methods can be
divided into two categories. One is to modify the classic
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combination rules of the evidence theory and to reallo-
cate the conflict. For example, Yager [5] thought that the
conflict could not provide useful information so that he re-
garded all the conflict information to be unknown to reduce
the conflict. This method denies the conflict between evi-
dences and is too conservative. It increases the uncertainty
of the fusion evidences and could not meet the purpose of
evidence reasoning. Lefévre et al. [6,7] believed that a part
of the conflict between evidences can be utilized and the
conflict information should be proportionally distributed to
the focal element sets of all the evidences. Guo et al. [8,9]
proposed improved algorithms. These methods mainly fo-
cuse on to which specific proposition and in what propor-
tion the conflict information should be allocated. The other
is to modify conflict evidences before the fusion without
changing the classic combination rules. Murphy [10] took
the average of the basic probability assignment involved
in the synthesis of evidences, and then got a new evidence
model and synthesized evidences using the Dempster com-
bination rule. This is just a simple arithmetic average of
evidences without considering the importance of evidence
and the result is not ideal. Deng et al. [11] introduced the
concept of evidence support based on the Jousselme dis-
tance function and took a weighted average of all the evi-
dences, and some improved algorithms [12—15] were pre-
sented to determine the evidential weights. These meth-
ods mainly study which means could be used to preprocess
evidences before the combination.

All the above methods make up for the deficiency of
the evidence theory to some extent and improve the fusion
results of conflict evidences from different angles. How-
ever, the existing improvements on the evidence theory do
not focus on how to measure evidence conflicts. Only after
making full use of the information of the original evidence
to estimate the degree of evidence conflict and determin-
ing the measurement index of the evidence conflict, can
the evidence credibility be correctly and quantitatively de-
scribed and the original evidence be reasonably modified.
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Thus the problem of conflict evidence fusion can be effec-
tively solved.

To effectively solve the problem of conflict evidence
combination, this paper proposes a new algorithm to mea-
sure the evidence conflict, and presentes a new method of
evidence combination based on this algorithm.

2. Background material

Definition 1 Let © = {#',62,..., 6"} be anon-empty
finite set in which the elements are incompatible with each
other, then @ is called the framework of identification.
0" (1 < i < n) is called the single subset of ©. The power
set of O is defined as 2, which is the set of all the subsets
of 6.

Definition 2 Basic probability assignment function

Let © be the framework of identification, A C ©. If
the function m : 29 — [0, 1] satisfies the conditions
m(2) = 0and > m(A) = 1, then m is called the ba-
sic probability assignment function within ©, and m(A)
is called the basic probability assignment for A and it re-
flects the support degree of the evidence to the proposition
A in the framework of identification [16,17]. If m(A) > 0,
then A is called a focal element. The union of all the fo-
cal elements of the evidence is called the nucleus X of the
evidence and the evidence can be expressed as { @, X, m}.

Definition 3 Dempster combination rule

If there are two independent evidences in the same
framework of identification © and their focal elements are
B, i = 1,2,...,m)and C; (j = 1,2,...,n) respec-
tively, where m and n are the numbers of the focal ele-
ments of these two evidences and the basic probability
assignment functions are m; and ms, then the Dempster
combination rule [16,17] is defined as

Y. ma(Bi)ma(Cy)

B;NC;=A
mg(A)= ——L , A+ 0
@( ) 1— Z ml(Bl)mg(C]) 7& (1)
B;NC;=2
m(2) =0
where @ is the fusion identifier and k& =

Z m1(B;)ma(C;) is the conflict coefficient. The
B;NC;=2
Dempster combination rule is the core of the evidence the-
ory. In order to maintain the normalization of the basic
probability assignment function, the Dempster combina-
tion rule abandons the product part of focal elements with
empty intersection.

3. Evidence conflict measure algorithms

With the following numerical experiments, several existing
evidence conflict measure algorithms are analyzed.

3.1 Some evidence conflict measure algorithms
3.1.1 Conflict coefficient

Conflict coefficient k£ (k € [0, 1]) is used to measure the
conflict degree between original evidences without extra
computing and is very simple and convenient. The bigger
the k&, the higher the conflict degree between evidences.
However, when evidences are completely incompatible,
that is, & = 1, the Dempster combination rule cannot be
used. There are still some problems, such as, the consis-
tent evidences are misjudged, and the conflict degree repre-
sented by the conflict coefficient is not correspondent with
practice.

Example 1 Give two pieces of evidences F1 : m; =
(0.4,0.3,0.3) and E5 : my = (0.4,0.3,0.3), we can ob-
tain the conflict coefficient & = 0.66. According to &,
the conflict between these two evidences is relatively high
while actually the two evidences are exactly the same with-
out any conflict.

3.1.2 Evidence distance

Jousselme et al. [18] introduced a vector space to the evi-
dence theory and came up with the concept of evidence
distance.

Definition 4 Within the framework of identification ©,
the Jousselme distance between two basic belief assign-
ment functions m, and ms is

s, ma) = |/ Soms — )T D(my ) @)
where DJi, j] = |A; N Bj|/|A; U By is the positive de-
finited matrix of 2191 x 2/€1 A, and B; are elements in
the power set 2€ of m; and that of m respectively. The
bigger the distance between two evidences, the higher the
conflict and the lower the similarity. Evidence distance can
measure the conflict degree between evidences and solve
the misjudgment problems caused by conflict coefficient
in case of consistent evidences. However the calculation
process is complex and the algorithm complexity is high.
Example2 Let © = {a,b,c},

Ei :my(a) = 0.5, my(b) =0.3, my(c)=0.2

E2 : mg(a) = 027 mg(b> = 037 m2(c> =0.5
E5 : mg(a) = 0.0, ms(b) =0.1, ms(c) =0.9.

From intuitive analysis we can see that the evidence F;
supports a while the evidence F» and the evidence E3 sup-
port c. Thus a conclusion can be obtained that the conflict
between F» and E is higher than the conflict between E5
and F5. However, according to evidence distance, we can
calculate that d12 = 0.3 and da3 = 0.35, where d;; is the
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evidence distance between the evidence i and the evidence
j. Fromthe calculation results, the conflict between F5 and
E5 is higher than that between 5 and E1, which does not
agree with the previous intuitive analysis. This is because
the focal elements of the two evidences are independent
and thus the matrix D is a diagonal matrix. This magnifies
the effect of the relfﬁvely big focal elements on the con-
flict measure to some extent, that is, the evidence distance
cannot correctly reflect the divergence when different evi-
dences support different focal elements.

3.1.3 Pignistic probability distance

Liu [19] proposed the pignistic probability distance in
2006.

Definition 5 Let m be the basic probability assignment
function within the same framework of identification, then
the pignistic probability function [20] is

ANB m(B
s 0B mo)

BetP,,(A) = ——y

©)

BCONVACO B

where | A| is the number of elements included in set A and
Bet P, describes the support degree of the subsets of each
proposition over the power set 2 © of the basic probability
assignment function.

Definition 6 The pignistic probability distance is de-
fined [19] as

dif BetP)'? = glca)@((\Bethl (A) — BetP,,,(A)]). (4)

The pignistic probability distance describes the maxi-
mum divergence of the support that evidences can give to
different focal elements. The bigger the pignistic distance
is, the higher the conflict between m and ms is. Since
different evidences intensively supporting different focal
elements can cause conflict, the pignistic probability dis-
tance can effectively describe the evidence conflict. How-
ever there are also some deficiencies.

Example 3 There are two evidences m; =
(0.7,0.15,0.15) and m2 = (0.15,0.7,0.15). We can ob-
tain the pignistic probability distance between m ; and mo
is dif BetP'? = 0.55. Although the pignistic probability
distance between the two evidences is not big, the focal
element those evidence supports are different.

3.1.4 Cosine similarity

On the basis of the vector space introduced by Jousselme,
Zhang et al. [21] used the cosine of the angle between vec-
tors to measure the evidence conflict.

Suppose that © is the framework of identification. Es-
tablishing a R™ space based on the basic probability as-
signment (BPA) of every evidence within ©, where n is

the number of the propositions, the evidence vector in this
space can be defined as
m; = (mi(A1)7mi(A2), ey mZ(Ak), e ,mz(An))T

where 1 < ¢ < N. All the evidences can be seen as a set
with IV different n-dimensional vectors.

Definition 7 The cosine similarity between two evi-
dence vectors m and m. is

cos(my, mg) =
mf - Mo mlT s Mo

lmall - lmall — \/tmT - ma)(m] - my)
n

where m] -mgy = Z mq(Ayg)-ma(Ag). The value range

®)

of cosine similarit;llf i; between [0,1] and the bigger this
value is, the lower the conflict between two evidences is.
However, the calculation process is complex and the algo-
rithm complexity is high.

3.1.5 Relative coefficient

Within the framework of identification ©, the focal ele-
ments of two evidences are a1,...,a; and by, ..., by re-
spectively and the corresponding basic probability assign-
ments are pi,...,pr and qi,...,qx. Thus we can regard
the two evidences as two random variables X and Y.

X — {ah T (IK}7 y — {bh ) bk}_
b1, -y, PK q1, -y 4K
Definition 8 The partial entropy [22] of random vari-
able X over random variable Y is

K
Hy(X) == qrlogs pk
k=1

K
H(X) ==Y qilog, gi- (6)
h=1

Definition 9 The relative coefficient [22] between ran-
dom variable X and random variable Y is

H(X)+ H(Y)
) S B X+ Hx ) "
The value range of the relative coefficient is between
[0,1] and the bigger this value is, the lower the conflict
between two evidences is, the higher the similarity is.
Whereas in the calculation process there are conditions
when log, 0 = —oo and this will make the relative co-
efficient to be 0. If there are items in one evidence equal to
0 and the corresponding items in the other evidence are not
equal to 0, even though there is no conflict between these
two evidences, the calculated relative coefficient will tend
to be 0 and in this condition the conflict between evidences
cannot be correctly estimated. To solve this problem, Deng

et al. [23] changed the partial entropy to be
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Hy(X) =Y qr-e ™, H(X)=Y qi-e % (8)

where =P is the result close to log gained through
checking computations.

3.1.6 Analysis of others algorithms

On the basis of common evidence conflict measure algo-
rithms, many scholars have proposed improved algorithms.

To solve the problem of conflict management, Deng
[24] put forward the generalized evidence theory (GET) in
an open world, provided the generalized combination rule
(GCR), and proposed the generalized conflict model based
on the generalized evidence distance (GED) to measure the
conflict between evidences. Jiang et al. [25] comprehen-
sively considered the amount of information and the con-
sistency of the evidence, introduced the concept of Deng
entropy to measure information volume of BPAs directly,
and weighted averaged the evidence to apply the evidence
theory in multi-sensor data fusion in fault diagnosis. Refe-
rence [26] studied the generalized evidence theory in open
world. It used training samples to build triangular fuzzy
number models, which determined the generalized basic
probability assignment (GBPA), and provided the differ-
ence degree to measure the distance of evidence conflict.

Zhang et al. [13] used the Mahalanobis distance to
describe the evidence conflict. Liu [19] utilized a bi-
nary group of conflict coefficient and a pignistic prob-
ability distance to estimate the evidence conflict. Jous-
selme et al. [27] discussed and analyzed composite dis-
tances, Minkowski family of distances, inner product fa-
mily of distances, fidelity family of distances, information-
based distances and two-dimensional distances, and pro-
vided a general mathematical formula composed of a co-
sine. Hu et al. [28] compared the distance functions, such
as Jousselme distance, Euclidean distance, Mahalanobis
distance, and evidence average distance. Destercke et al.
[29] measured the conflict by examining consistency and
conflict on sets. Loudahi et al. [30] introduced a new
bba distance based on Dempsterian specialization matri-
ces. Sarabi-Jamab et al. [31] reviewed different dissimi-
larity measures based on measuring any of the conflict,
non-specificity, or unified total uncertainty, and proposed
the set of most discriminative dissimilarity measures to de-
scribe the evidence conflict degree. Yang et al. [32] pro-
vided the degree of disagreement based on the Jousselme
distance to measure the evidence conflict. Huang et al. [33]
used the pignistic probability transformation and the Jous-
selme distance to measure the evidence conflict.

3.2 New evidence conflict measure algorithm

After the brief analysis of several evidence conflict mea-

sure algorithms, we can see that each measure algorithm
has its own advantages and disadvantages, but these algo-
rithms cannot comprehensively and correctly describe the
conflict between evidences. Based on the pignistic proba-
bility function of single subset, this paper introduces the
concept of Tanimoto measure and comes up with a new al-
gorithm to calculate the conflict degree, that is, evidence
similarity.

In the process of evidence fusion, the basic probability
assignment function m of original evidence is transformed
by the pignistic probability transformation to get the new
basic probability assignment function m’, then the Ta-
nimoto measure is introduced, and the similarity between
each evidence is calculated by m'.

Definition 10 Pignistic probability function over single
subset

Let © = {61,0-,...,0,} be the framework of identifi-
cation and there are N independent pieces of evidences.
Ay is the focal element of one certain evidence in the

framework of identification 6.
1
BetP,,(0;) = —-m(Ay), 1=
(6:) 02; A

Then Bet P, (6;) is called the pignistic probability func-
tion of single subset 8; under the basic probability assign-
ment function m [20]. Its essence is to divide the basic
probability assignment of the focal element A, equally and
to give it to the single subset focal element.

If the subsets that two evidences have are inconsistent,
let the mass value of the absent subsets of each evidence
be 0. Then the basic probability assignment function m is
converted to

m' = (BetP,,(01), BetP,,(02),. .., BetPy,(0,)) =

(m/ (A7), m"(43),....m/(4y)).

Definition 11 Evidence similarity

In order to comprehensively consider the inclusive-
ness and difference between evidences, Tanimoto measure,
which is a reference to the Tanimoto coefficient in the clus-
tering algorithm is introduced and the evidence similarity
between two evidences of which the basic probability as-
signment functions are m/ and m/), respectively is

1,2,...,n. (9)

sim(m}, mj) =

> my (A7) - miy(A)
i=1

D omA(AD? + Y mh(A)? =Y mi(A]) - my(A))
=1 =1 =1

(10)
The value range of evidence similarity is in [0,1], and

the bigger this value, the higher the similarity between two
evidences. The evidence similarity and evidence conflict
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are antonym. The higher the similarity between two evi-
dences, the lower the conflict between them.

3.3 Comparison and analysis of some algorithms

Compared with other algorithms, using the evidence si-
milarity to describe the evidence conflict can achieve bet-
ter results. The superiority of this algorithm is illustrated
by using the examples mentioned above.

In Example 1, the evidence similarity between two ev-
idences is sim()) = 1.0. This means they are identi-
cal and there is no conflict between them. In Example 2,
sim%) = 0.617, simg? = 0.667. This means that the sup-
port of two evidences which are seriously conflicted with
each other to the same target is very different and their ev-
idence similarity is much lower. In Example 3, the conflict
between two evidences is high, so their evidence similarity
is relatively low and sim (%) = 0.278.

In order to easily compare the above evidence conflict
measure algorithms, the example in [19] is applied to illus-
trate the universal validity of evidence similarity proposed
in this paper.

Example 4 The framework of identification is © =
{1,2,3,...,20} and two basic probability assignments are
as follows:

Evidence 1:m1(2,3,4) = 0.05, m4(7) = 0.05

’I”I’Ll(@) = 0.17 ml(A) =0.8
Evidence 2 : m2(1,2,3,4,5) =1
where A changes according to {1}, {1,2},{1,2,3},--
{1,2,3,---,20}.

Fig. 1 shows the variation trend of the conflict coeffi-
cient k, evidence distance d, pignistic probability distance
di f Bet P, cosine similarity cos, relative coefficient » and
evidence similarity sim with the change of A.
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Fig. 1 Comparison between different evidence conflict measure
algorithms

Based on the commonsense analysis, when the size of
subset A is five, the focal element A = {1,2,3,4,5} of
the original evidence 1 is the same with the focal element
of the original evidence 2 and m(1,2,3,4,5) = 0.8,
ma(1,2,3,4,5) = 1. Thus the conflict degree between
these two evidences should be the lowest.

From Fig. 1, we can see that evidence distance d and
pignistic probability distance dif BetP are positively re-
lated to the evidence conflict and the bigger these values,
the higher the conflict. While cosine similarity cos, relative
coefficient r and evidence similarity sim are negatively re-
lated to evidence conflict and the bigger these values, the
lower the conflict. When the subset A ranges from small
to big, the conflict coefficient & first remains unchanged
and then gradually increases. The relatively high value in-
dicates that the conflict is high and obviously it does not fit
with the common sense. The values of d, di f BetP, cos, r
and sim significantly change with the change of the subset
A and the change trends representing the conflict degree
are similar. When A changes from 1t0 5, d, di f Bet P, cos,
r and sim can properly express the gradual decrease of the
evidence conflict and the change trend of sim is smoother.
When A = {1,2,3,4,5}, d, dif BetP, cos, r and sim
can correctly show that the conflict degree is the lowest.
When A changes from 5t0 20, d, di f Bet P, cos, r and sim
can accurately indicate that the evidence conflict is gradu-
ally increasing and the increase trends become slower and
slower.

By comparison, we can conclude that the proposed si-
milarity can thoroughly measure the evidence conflict de-
gree and the similarity value can be used directly in the ev-
idence credibility calculation without further processing.

4. Evidence combination method based on
evidence similarity

4.1 General framework of evidence combination

We think that modifying the evidential source and improv-
ing the combination rule at the same time could solve the
problem of conflict evidence combination more effectively.
Thus, this paper introduces the general framework of evi-
dence combination.

Suppose that © = {61, 6,,...,6,} is the framework of
identification and there are IV pieces of independent evi-
dences {©, X;,m;} (i = 1,2,..., N).Then the model to
modify the evidence can be expressed as follows:

ms(0) = Cred; -my(0) + (1 — Creds) V)

where Cred;(0 < Cred; < 1) is the credibility of evi-
dence i. Evidence credibility is the degree of the evidence
supported by other evidences and is negatively related to
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the conflict between evidences. It can be obtained by the
evidence conflict measure algorithms.

Then the modified basic probability assignment function
m; is obtained. Based on this, the evidence combination
model is defined.

m(2)=0

m(A)= > ] mj(A)+K -5(Am), Ao
NA;=A1<j<n

(12)

where K = Z H m;(Ai), A; € X, is the total con-
NAi=¢ 1<j<n

flict of the modified evidence model, §( A, m) is the weight

of K over the focal element A and Z 0(A,m) = 1.

Proof ForvVA C 6,A # &, A€o

> omA) =) ( > 11 fﬁj(Az‘))ﬂL

ACO ACO \NA;=A1<j<n
> (K- 5(A,m) =
ACO
o> I mi)+ K-> 6(A,m) =

ACO NA,=A1<j<n ACo
> I m)+K=1-K+K=1.
NA;#2 1<j<n
O

The proof shows that the fusion results meet the require-
ments of the basic probability assignment function.

Under the general framework of evidence com-
bination, the specific evidence combination method
can be achieved as long as the evidence credibility
Cred; and the distributing weight 6(A, m) are defined.
For example, when Cred; = 1 and 6(A,m) =
( Z H ﬁzj(Ai)) /(1 — K), the framework is

NA;=A1<j<n
the D-S evidence combination method. When Cred; = 1

~ 1, A=6
and 6(A,m) = {07 AL O
Yager evidence combination method.

From the general framework of evidence combination,
we can know that every piece of evidence, according to
their credibility, will distribute a fraction of the basic prob-
ability assignment of every focal element to the universal
set. In the modified evidence, the lower the credibility of
the evidence is, the more uncertain information the evi-
dence has, thus reducing the effect that the evidences with
small credibility cause to the fusion results and improving
the accuracy and speed of the fusion.

, the framework is the

4.2 Combination method based on the evidence
similarity

The proposed method can be described as follows:

Suppose that @ is the framework of identification and
there are N pieces of independent evidences.

Step 1 Use (9) to do the pignistic probability func-
tion conversion and calculate the similarity sim(m}, m})
between evidence 7 and evidence j according to (10).

Step 2 Build an N x N similarity matrix STM after
obtaining the similarities between every two evidences.

SIM =
1 sim(mf, mj) sim(mf, mly)
sim(mb, m}) 1 sim(mb, mhy)
sim(m/y,my)  sim(mly,mb) - 1

(13)
Step 3 Determine the support degree and credibility of
each evidence.
The support degree Sup(m}) that all other evidences
give to evidence i is

N
Sup(m}) = Z sim(mgj,mj), i=1,2,...,N.
J=1,j#1
(14)

Evidence credibility can be obtained after the norma-
lization of support degree. The credibility of evidence
i Cred; is

Sup(m;)

Cred; = (15)

__ouptmy)
max [Sup(m;)]

Step 4 Modify the evidence.

Use the credibility C'red; as the weight of evidence and
do a weighted correction to the basic probability assign-
ment function m; by applying (11), then the new basic
probability assignment function m;; is

mi(0) = Cred; - m;(0) + (1 — Cred;)
Step 5 Determine the distribution weight of each focal
element.
The relative credibility C'cred; of the evidence i is
Sup(m})
- —

>~ Sup(m)

The distribution weight §(A, m) of the focal element A
is

Cered; = (16)

N
§(A, ) = Cered; - ii(A). (17)
=1

Proof ForvVA C ©,A # @,

> osAm)y =Y (ZCcredi .mi(A)> -

Aco ACO \i=1
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N
Z Z Cered; - m;(A) =
i=1 ACO
N
ZC’credi Z m;(A) =
i=1 ACO
N
N > Sup(m)
ZCcredi = Z:Nli =1.
=1 Z Sup(m,)
i=1

Step 6 Use (12) to do the evidence combination and
get the final fusion results.

m(z) =0
m(A)= Y [ mi(A)+Ké(A,m), A# o -

NA;=A1<j<n

5. Comparison and analysis of numerical
examples

5.1 Numerical examplel

Suppose the framework of identification is © = {A, B}.

D-S method [17], Yager method [5], Murphy method [10]

and the proposed method in this paper are used to fuse 50

identical evidences and BPAs of the evidence are m(A) =
0.7, m(B) = 0.1, m(©) = 0.2. Results can be seen in

Fig. 2.
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Fig.2 Fusion results of different methods

From Fig. 2, it is obvious that when fusing multiple
identical evidences, with the increase of evidence num-
ber, D-S method, Murphy method, Yager method and the
proposed method in this paper can all effectively fuse evi-
dences. And the fusion results focus on the superior focal
element A at a fast convergence speed as well as the uncer-
tain information m( ©) decreases. Meanwhile, the conver-
gence speed is approximately the same, that is, relatively
stable results can be obtained by fusing at least five evi-
dences. However there are still some differences between
these methods in details. Murphy method and D-S method
have similar results and their fusion results rapidly con-
verge to (m(A) = 1,m(B) = 0,m(0) = 0). Yager
method gives all the conflict information to the framework
of identification © and this makes the uncertainty infor-
mation m(©) unable to promptly converge to 0, reducing
its ability to deal with the uncertain information. The fu-
sion results of 20 evidences are m(A) = 0.859 6, m(B) =
0.017 6, m(©) = 0.122 8. The suggested method in this
paper proportionally distributes the conflict to each focal
element and enables the fusion results to rapidly converge
to the expected value (m(4) — 1,m(B) — 0,m(O) —
0). The fusion results of 20 evidences are m(A) = 0.985 3,
m(B) = 0.0238, m(6) = 0.0119.
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5.2 Numerical example 2

To verify the universal validity of the proposed method
and its superiority in dealing with the highly conflicted
evidences, an example is given below and the proposed
method is compared with D-S method [17], Murphy
method [10], Yager method [5] and Liu’s method [15].

There are five sensors with different properties obser-
ving and recognizing one certain target in the air. Let the
framework of identification be © = {a : Civilaircraft, b :
Bomberaircraft, ¢ : Fighteraircraft}.

We can get five evidences within © after converting the
information obtained by five sensors to the basic probabil-
ity assignments, that is

Ei :my(a) = 0.5, my(b) =0.2, my(c)=0.3

E5 : ma(a) =0.65, ma(b) =0.1, ma(a,c) =0.25
E3:mg(a) =038, ms(b) =0.1, ms(c)=0.1
Ey:my(a) =0.75, myg(b) =0.1, my(c) =0.15
Es : ms(a) = 0.55, ms(b) = 0.1, ms(a, c) = 0.35.

The five evidences show that all evidences are likely to
identify the target as a, and the conflict between these evi-
dences are relatively low.

The five evidences are fused using five different meth-
ods respectively and results are shown in Table 1.

Table1l Fusion resultsof five methods under low conflict

Method E17E2 E17E2,E3 E17E27E37E4 E17E27E37E4,E5
m(a) =0.8257 m(a) = 0.974 3 m(a) =0.9951 m(a) = 0.998 3
D-S method m(b) = 0.036 7 m(b) = 0.005 4 m(b) = 0.000 8 m(b) = 0.000 1
m(c) = 0.137 6 m(c) = 0.020 3 m(c) = 0.004 1 m(c) = 0.001 6
m(a) = 0.828 6 m(a) = 0.969 1 m(a) = 0.993 8 m(a) =0.9975
Murphy m(b) = 0.039 3 m(b) = 0.0059 m(b) = 0.000 8 m(b) = 0.000 1
method m(c) = 0.104 8 m(c) = 0.023 6 m(c) = 0.005 3 m(c) = 0.002 3
m(a,c) = 0.027 3 m(a,c) = 0.0014 m(a,c) = 0.000 1 m(a,c) = 0.000 1
m(a) = 0.45 m(a) = 0.724 m(a) = 0.674 6 m(a) = 0.755
m(b) = 0.02 m(b) = 0.047 5 m(b) = 0.022 3 m(b) = 0.029 1
Yager method m(c) = 0.075 m(c) = 0.053 m(c) =0.034 3 m(c) =0.0120
m(a,c) =0 m(a,c) =0 m(a,c) =0 m(a,c) = 0.094 1
m(6) = 0.455 m(0) = 0.175 5 m(6) = 0.268 8 m(6) = 0.109 8
m(a) =0.8257 m(a) = 0.969 0 m(a) = 0.990 8 m(a) =0.997 3
Liu’s method m(b) = 0.036 7 m(b) = 0.007 7 m(b) = 0.002 1 m(b) = 0.000 2
m(c) = 0.137 6 m(c) = 0.023 3 m(c) = 0.007 1 m(c) = 0.002 5
(a) = 0.828 6 m(a) = 0.965 1 m(a) = 0.9925 m(a) = 0.9975
Proposed m(b) = 0.039 3 m(b) = 0.008 3 m(b) = 0.001 3 m(b) = 0.000 16
method m(c) =0.104 8 m(c) = 0.025 3 m(c) = 0.006 1 m(c) = 0.002 3

m(a,c) = 0.027 3

m(a,c) =0.0013

m(a,c) = 0.000 1 m(a, c) = 0.000 04

As can be seen from the fusion results in Table 1, when
the conflict between evidences that are provided by each
sensors are relatively low, with the increasing number of
evidences that support focal element a, the performance
of D-S method, Murphy method, Liu’s method and the
proposed method are all ideal, and these methods all can
fuse evidences effectively and get the correct fusion re-
sult, as well as converge to the expected value (m(a) —
1, m(b) — 0, m(c) — 0) at a relatively fast conver-
gence speed. Yager method result is m(a) > m(0) >
(m(b), m(c)), however, the value of m(a) is far less than
other four methods, meanwhile, all of the conflicted infor-
mation is classified as uncertain m(©), which increases
the uncertainty of the combined evidences, and is contrary
to the original intention of dealing with the uncertainty of
evidence theory.

5.3 Numerical example 3

In the real world battlefield, information acquired by these
sensors can easily be highly conflicted due to natural
factors, human disturbance, or sensor failure. Assume
in the same framework of identification, the evidences
FE1, Es, E4, E5 obtained by sensors 1, 2, 4, 5 are the same
of those in Numerical example 2, while sensor 3 is dis-
turbed and the corresponding evidence is E% : mj5(a) =
0.0, m5(b) = 0.8, m5(c) = 0.2.
The five evidences are as follows:

(
E/ . / _ /
5 :mg(a) = 0.0, my
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Es : ms(a) = 0.55, ms(b) =0.1, ms(a,c) = 0.35.
It can be seen that evidences E1, FE», E,, and E5 all
support the target to be a and the conflicts between them

are relatively small. The evidence 3 strongly supports b and
it is the abnormal evidence is highly conflicted with other
evidences.

Table2 Fusion results of five methods under high conflict

Method El,EQ El,EQ,Eé E17E27Eé7E4 El,EQ,Eé,E47E5
m(a) =0.8257 m(a) =0 m(a) =0 m(a) =0

D-S method m(b) = 0.036 7 m(b) = 0.516 1 m(b) = 0.415 6 m(b) = 0.168 9

m(c) =0.1376 m(c) =0.4839 m(c) = 0.584 4 m(c) =0.8311

m(a) = 0.828 6 m(a) = 0.608 8 m(a) = 0.886 7 m(a) = 0.9750

Murphy m(b) = 0.039 3 m(b) = 0.297 0 m(b) = 0.086 07 m(b) = 0.013 7

method m(c) =0.104 8 m(c) = 0.090 7 m(c) = 0.027 07 m(c) =0.0110
m(a,c) = 0.027 3 m(a,c) = 0.003 5 m(a, c) = 0.000 16 m(a,c) = 0.000 3

m(a) = 0.45 m(a) =0 m(a) = 0.3855 m(a) = 0.584 6

m(b) = 0.02 m(b) = 0.38 m(b) = 0.089 4 m(b) = 0.052 2

Yager method m(c) = 0.075 m(c) = 0.106 m(c) = 0.093 m(c) =0.0326
m(a,c) =0 m(a,c) =0 m(a,c) =0 m(a,c) = 0.151 2

m(8) = 0.455 m(8) = 0.514 m(8) = 0.432 1 m(8) = 0.179 5

m(a) =0.8257 m(a) = 0.644 4 m(a) =0.9195 m(a) = 0.976 7

Liu’s method m(b) = 0.036 7 m(b) = 0.153 0 m(b) = 0.024 0 m(b) = 0.002 3

m(c) =0.1376 m(c) =0.202 6 m(c) = 0.056 5 m(c) =0.0210

m(a) = 0.828 6 m(a) = 0.8055 m(a) = 0.959 8 m(a) = 0.986 1

Proposed m(b) = 0.039 3 m(b) = 0.053 4 m(b) = 0.007 5 m(b) = 0.000 9

method m(c) =0.104 8 m(c) =0.114 6 m(c) = 0.032 2 m(c) =0.0128

m(a,c) = 0.027 3

m(a,c) =0.026 5

m(a, c) = 0.000 4

m(a, c) = 0.000 2

As can be seen from Table 2, when the abnormal evi-
dence 3 occurs, the fusion results of these five methods are
different. Since m(a) = 0 in evidence 3, though the subse-
quent evidences strongly support a, the fusion result of the
D-S method still is m(a) = 0. In Yager method, the value
of m(O) is greater than that of m(a) during the fusion
of the first four evidences, and m(a) = 0.584 6 becomes
greater than m(©) = 0.179 5 only after fusing all five evi-
dences, which shows that Yager method is not suitable for
decision-making because its convergence precision is not
high enough and its convergence rate is slow, as well as the
value of m(©) is relatively large. None of Murphy method,
Liu’s method or the proposed method changes the Demp-
ster combination rule, they all modify evidence sources to
effectively reduce the influence of abnormal evidence 3, so
the basic probability assignment of each target converges
to the expected value (m(a) — 1, m(b) — 0,m(c) — 0).

However, there are still some differences. As can be
seen from the five evidences, m(b) is always lower than
m(c) except abnormal evidence 3, thus we can conclude
that m(b) would be lower than m(c) in the fusion result.
However, the fusion result of Murphy method is m(a) >
m(b) > m(c), which shows that Murphy method just re-
sults in a simple average value of evidences and it ignores
the credibility of evidences, thus it needs more credible
evidences to offset the impact of abnormal evidence. The
Liu’s method is an improvement of Murphy method, it can

fuse all the evidences correctly and can result in m(a) >
m(c) > m(b), however, when calculating the weight of
evidence credibility, the calculation process is complex,
and the complexity of this method is relatively high. The
proposed method is relatively simple and convenient, and
m(a) = 0.805 5 after three evidences including the ab-
normal evidence 3 are fused, which is greater than that of
other methods, while m(b) = 0.053 4 is lower than that
of other methods, which means the proposed method can
deal with the conflicted evidences more effectively and can
reduce the impact of abnormal evidences. Meanwhile, the
fusion results can rapidly converge to the expected value
with the increasing number of evidences, m(a) = 0.959 8
after four evidences are fused, and m(a) = 0.986 1 after
five evidences are fused. The convergence speed is fast and
the accuracy is high, and the method is relatively stable
while the fluctuation of m(a) value is small. Meanwhile,
m(a, ¢) promptly converges to 0, which fits the reality of
original evidence, and it indicates the strong capacity of
the evidence theory to deal with the uncertain information.

6. Conclusions

This paper analyzes the relevant achievements of the D-S
evidence theory in recent years. Aimed at the problem that
the existing algorithms cannot comprehensively and cor-
rectly describe the conflict degree between evidences, a
new conflict measure algorithm is proposed. Based on this
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new conflict measure algorithm, a new evidence combina-
tion method is established within the general framework
of evidence combination. Examples results show that the
proposed method can fully take the global information of
evidences such as evidence credibility into account and can
minimize the effect that conflict evidences have on the pro-
cess of evidence fusion, reducing the influence of conflict
information on the final fusion results. It improves the re-
liability and rationality of the fusion results and has a rela-
tively fast convergence speed.

Based on the analysis of the causes of evidence conflict,
the future work is to discuss if there is a better conflict
measure algorithm and if there is a more reasonable evi-
dence combination rule based on the new conflict measure
algorithm. These problems are worth to further research.
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