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Abstract—Dempster Shafer evidence theory, as an uncertain 
information fusion technology, is widely used in various fields of 
information fusion. However, when there is a highly conflict 
between two pieces of evidence, counterintuitive results are 
obtained by classical Dempster’s combination rule. Therefore, it 
is very important to measure the conflict between two pieces of 
evidence. Based on the analysis of some typical conflict 
measurement methods, a new model to represent conflict was 
constructed with the Euclidean distance function and the Jaccard 
similarity coefficient. Some numerical examples illustrate that the 
proposed method can measure the degree of conflict between the 
two pieces of evidence and overcome the shortcomings of the 
classical conflictive coefficient, Jousselme evidence distance and 
Pignistic probability distance to a certain extent. 

Keywords-D-S evidence theory; evidence conflict; jaccard 
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I. INTRODUCTION  

As a method of uncertainty reasoning, Dempster-Shafer 
(D-S) evidence theory[1,2] can model and reason in uncertain 
problems and realize the fusion of no a priori information, and 
has been widely used in target recognition tracking , fault 
diagnosis, network security assessment and other areas[3-9]. 
However, when the evidence is highly conflicting, the results 
of the fusion of evidence often appear contrary to the facts. To 
solve this problem, domestic and foreign scholars have carried 
on the analysis and explored, and many improvement methods 
have been proposed, to a certain extent, a lack of evidence 
theory has been made up. On the whole, the existing improved 
algorithms are divided into two main categories: First, by 
modifying the combination rule of D-S evidence theory, the 
improved algorithm realizes the redistribution of conflicting 
evidence[10-12]. The reference[10] introduces the new 
elements into the identification framework which considers 
that all conflicts can not provide useful information, and all 
conflict information is allocated to new elements. The 
reference[11] introduces the credibility of the evidence and 
assigns the conflicting information to all the coke sets of 
evidence. The main content of this kind of method research is 
what proposition should be assigned to conflict and what 
proportion should the conflict be distributed. The main content 
of this kind of methods is that the conflict should be allocated 
to what proposition and the conflict should be allocated 
according to what proportion. Second, the conflict evidence is 
pre-modified before fusion, and then, according to the 
combination rule of D-S evidence theory, conflict evidence is 
merged[13-18]. In the reference[13], the basic probability 
assignment (BPA) is arithmetically averaged, and the resulting 

evidence is used to replace the original n-evidence. In the 
reference[14], the concept of confidence factor is introduced. 
The reliability coefficient is used to revise the evidence of 
conflict. In the reference[15], the Jousselme distance function 
is introduced to measure the conflict degree of evidence. On 
this basis, the trust coefficient is defined to modify the 
evidence of conflict. In the reference[16-18], the new method 
of improving the weight of evidence is proposed, and the 
results are very good. The main content of this kind of 
methods is to use what method to pre process the conflict 
evidence, which makes the conflict evidence fusion better. 

However, in the actual application process, there are many 
reasons causing the conflict of evidence source, such as sensor 
characteristic differences, sensor performance and evidence 
description of different subjects, people's cognition of things 
incomplete may lead to the change of BPA, Therefore, it is 
inappropriate to blame the reason of the paradox in the rules of 
evidence combination, Based on the above reasons, this paper 
clearly followed the second kinds of research methods, before 
choosing the appropriate method to improve the modified 
conflict evidence to determine the degree of conflict between 
two pieces of evidence is a crucial problem. In order to better 
describe the degree of conflict between two pieces of evidence, 
the paper presents a method to characterize the conflict 
between two pieces of evidence based on the Euclidean 
distance and the Jaccard similarity coefficient. This method can 
be used to determine whether there is a conflict between two 
pieces of evidence, in order to determine whether the use of D-
S combination rules or other synthetic methods. 

II. D-S EVIDENCE THEORY AND ITS EXISTING PROBLEMS 

This section simply introduces the basic principle of D-S 
evidence theory, the detailed information can be referenced in 
the literature[18]. 

Definition 1: set  as the sample space, 2  is the power 
set of  , if the function  : 2 0,1m    satisfies:

   0, ( ) 1
A

m m A


   , then m  is the basic confidence 

distribution function on 2 , and ( )m A  is called the basic 

credibility of evidence against A . If A   and ( ) 0m A  , 

then A  is the focal element of evidence. 

Definition 2: 1m , 2m ···, nm
 
is the basic confidence 

distribution function, then the D-S evidence theory synthesis 
rule is defined[1,2]: 
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i nA

K m A
  

   is the conflict coefficient, which 

indicates the degree of conflict between two pieces of 
evidence. The greater the value of K  indicates the greater the 
conflict between two pieces of evidence. 

In the Dempster combination rule, the conflict coefficient 
[0,1]K  . If 1K  , Dempster combination rules can not be 

calculated; If 1K  , when using Dempster combination rules 
to merge the evidence of high conflict, the results will appear 
inconsistent with the actual or the appearance of consistent 
evidence "miscarriage of justice" and other issues. 

Example 1 Putative recognition framework  , ,a b c  , 

the system has two evidences as follows: 

Evidence 1:    1 10.99, 0.01m a m b  ; 

Evidence 2:    2 20.99, 0.01m c m b  . 

Using Dempster combination rule to synthesize two 
evidences, the calculation results are as follows: 

=0.9999K ,     0m a m c  ,   1m b  . It can be seen that 

the evidence 1, 2 is highly conflicting, the results is contrary to 
common sense, because 1m  and 2m  on the b  support rate is 
very low, but the combination results have the greatest degree 
of confidence. 

Many scholars have studied in this respect, and have come 
to a more consistent conclusion, that is, to resolve the conflict 
of evidence fusion, then there should be the first to determine 
whether there is a conflict between the evidence? How to 
quantitatively describe the extent of the conflict of evidence? 
It is proved that the conflict coefficient in D-S evidence theory 
can not effectively measure the conflict between evidences. As 
can be seen from the following example. 

Example 2 Putative recognition framework 

 , , , ,a b c d e  , the system has two evidences as follows: 

Evidence 1:          1 1 1 1 1 0.2m a m b m c m d m e      

Evidence2          2 2 2 2 2 0.2m a m b m c m d m e      

The calculation result of conflict coefficient is =0.8K . 
According to the classical D-S evidence theory, it can be 
concluded that the two pieces of evidence are highly 
conflicting. But in fact, there is no conflict between two pieces 
of evidence, which is two identical evidence. It can be seen 
that the conflict coefficient in the D-S theory can not be used 
to characterize the conflict between two pieces of evidence. 
What variable should be used to characterize the conflict 
between the evidence? 

III. ANALYSIS OF EVIDENCE CONFLICT METHOD 

Since the conflict coefficient in the D-S theory can not be 
used to characterize the conflict between two pieces of 
evidence, what variables should be used to represent the 
conflict between two pieces of evidence? At present, there are 
many methods to measure the conflict of evidence, for example, 
Jousselme distance function[14], pignistic probability 
distance[19], information entropy definition correlation 
coefficient[20], etc, which are used to measure the degree of 
conflict between two pieces of evidence, the following some 
numerical examples are given to analyze the existing methods 
of conflict measurement. 

A. Jousselme Evidence Distance 

In 2001, Jousselme published an article devoted to the 
analysis of the distance between evidences[21], which 
introduced the distance of evidence to measure the size of the 
conflict between two pieces of evidence. 

Definition 3 Identification framework  contains N  
different proposition, ( )pE   is the space of all subsets 

generated  . A basic probability assignment BPA is a vector 

im


 with a coordinate system of ( )im A  in ( )pE  , and the 
following conditions are satisfied: 



2

1

( ) 1 ( ) 0

1, , 2 ; ( )

N

i i
i

N
i

m A m A

i A P



 


   




，
 

Definition 4 In the identification framework, the 
Jousselme distance of BPA function of two pieces of evidence 
is: 

 1 2 1 2 1 2
1( , ) ( ) ( )2

T
BPAd m m m m D m m  

   
 

where: D  is a 2 2N N matrix, the elements in the matrix are: 

 ( , ) , , ( )
A B

D A B A B P
A B


  


 

Distance function 1 2( , )BPAd m m  can be used to measure the 
degree of conflict and differences between the two pieces of 
evidence. The greater the value of 1 2( , )BPAd m m  indicates the 
greater the conflict between two pieces of evidence. Which 
solves the problem that the conflict coefficient in the classical 
D-S evidence theory has miscarriage of justice in the case of 
consistent evidence, but the algorithm has high complexity, 
complicated calculation process and some problems. 

Example 3 Putative recognition framework 
 , , , ,a b c d e  , the system has three evidences as follows: 

Evidence 1:      1 1 10.5 0.3 0.2m a m b m c  ， ， ; 
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Evidence 2:      2 2 20.2 0.3 0.5m a m b m c  ， ， ; 

Evidence 3:      3 3 30 0.1 0.9m a m b m c  ， ， . 

According to the evidence distance formula, the following 
results can be calculated: 

1 2( , )=0.3BPAd m m , 1 2( , )=0.35BPAd m m . It can be seen from the 
results that the conflict between evidence 2 and evidence 3 is 
greater than the conflict between evidence 1 and evidence 2, 
but it can be seen from the intuition that evidence 1 supports 
a , 2 and 3 support c . The conflict between evidence 2 and 
evidence 3 is greater than the conflict between evidence 1 and 
evidence 2, Thus, the conflict between evidence 1 and 
evidence 2 should be greater than the conflict between 
evidence 2 and evidence 3, which is inconsistent with the 
results obtained from the evidence distance. This is because 
the matrix is a diagonal matrix, each evidence in each focal 
element are independent of each other, in a conflict measure, it 
amplifies the larger focal element difference, namely distance 
of evidence can not correctly reflect the differences between 
two pieces of evidence. 

B. Pignistic Probability Distance 

In 2006 Liu[19] introduced the Pignistic probability 
distance. 

Definition 5 Let m  be the BPA function under the frame 
  and   is the subproposition of the proposition A , then 
the Pignistic probability function is: 

 ( ) ( )m m
A

BetP A BetP





   

 ,

1 ( )
( )

1 ( )

( ) 1, [0,1]

m
A A

m A
BetP

A m

m




 

   
   

  

where A  is the potential of subset A . 

By using the mBetP  function, the distance between two 

pieces of evidences mdifBetP  can be defined. 

Definition 6 The two evidence 1m  and 2m  are BPA 
functions on the recognition frame  , then the Pignistic 
distance between the two pieces of evidence is: 

 2

1 1 2
max( ( ) ( ) )m

m m m
A

difBetP BetP A BetP A


   

Pignistic probability distance is the maximum value of the 
difference between the A functions. The maximum difference 
between different evidence points is described, and the conflict 
of evidence can be described effectively, but there are some 
shortcomings. 

Example 4 Putative recognition framework  , ,a b c  , 

the system has two evidences as follows: 

Evidence 1:      1 1 10.7 0.15 0.15m a m b m c  ， ， ; 

Evidence 2:      2 2 20.15 0.7 0.15m a m b m c  ， ， . 

2

1
=0.55m

mdifBetP  are given by the Pignistic probability 

distance formula, which shows that there is little conflict 
between the two evidences and the evidence, but in fact 1m  

supports a  and 2m  supports b , that is, they support different 
coke elements, and the evidence conflicts should be compared 
large, which is slightly different from the actual situation. 
Although the Pignistic probability distance can be used to 
characterize the conflict size, there is still room for further 
improvement. 

On the basis of several commonly used evidence conflict 
measurement methods, many improved algorithms are 
proposed. In [22], a new conflict of evidence approach is 
proposed to reflect the non-inclusiveness and divergence of 
evidence, using the conflict coefficient and the Jousselme 
evidence distance. In [23], the size of the conflict is represented 
by the geometric mean of the conflict coefficient and 
Jousselme's evidence distance. In [19], the conflict coefficient 
is used to determine whether there is conflict between the two 
factors and whether the evidence is highly conflicting. In [24], 
based on the Pignistic probability function, the concept of 
Tanimoto measure is introduced, and the evidence similarity 
measure is presented to represent the conflict degree of 
evidence. In [25], the size of the conflict is represented by the 
sum of the squares of the conflict coefficient and Jousselme's 
evidence distance. Based on a brief analysis of the above 
methods, we propose an improved evidence distance 
measurement method to measure the conflict size of the 
existing conflict measurement methods. 

IV. AN IMPROVED METHOD TO MEASURE THE CONFLICT OF 

EVIDENCE 

Based on the Euclidean distance function and Jaccard's 
similarity coefficient, this paper presents a new method to 
characterize the degree of evidence conflict. 

Definition 7 There are two sets X  and Y , the proportion 
of the intersection elements of X  and Y  in the union of A 
and B, known as the two sets of Jaccard similarity coefficients, 
denoted by the symbol ( , )J X Y . 

 ( , )
X Y

J X Y
X Y





 

If set X and Y are empty sets, define ( , ) 1J X Y  , 

0 ( , ) 1J X Y  . ( , )J X Y  is a measure of the similarity of two 

sets of an indicator, the greater the value of ( , )J X Y  indicates 
the greater the similarity of the two samples. 
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There are two evidences that 1m  and 2m  are the BPA 
functions on the recognition framework  , B and N are two n 
dimensional vectors, and the values of all dimensions are 0 or 
1. For example: 1(0111)m  and 2 (1011)m . We regard the 
sample as a collection, 1 indicates that the set contains the 
element, and 0 indicates that the set does not contain the 
element. Definition： 

p : Sample 1m and 2m  are the number of dimensions of 
the 1; 

q : Samples A and B are the number of dimensions of 1 
and 0, respectively; 

r : Samples A and B are the number of dimensions of 0 
and 1, respectively; 

s : Sample 1m and 2m  are the number of dimensions of the 
0; 

Then the similarity coefficient of 1m  and 2m  can be 
expressed as: 

 1 2( , )
p

J m m
p q r


 

 

In order to comprehensively consider the inclusion and 
diversity of evidence, the evidence conflict measure 
coefficient(ECMC) is defined to characterize the conflict 
between two pieces of evidence based on the Euclidean 
distance function and Jaccard's similarity coefficient. 

Definition 8 Identification framework  contains N  
different proposition, ( )pE   is the space of all subsets 

generated  . A basic probability assignment BPA is a vector 

im


 and jm


 with a coordinate system of ( )im A  and ( )jm A  in 

( )pE  , Then the evidence conflict measure coefficient(ECMC) 

is defined as: 

 ( )( )T
ij i j i jd J m m m m  

   
 

If 1i jm m 
 

, 1ijd   is defined. ijd  is a measure 

indicator of the conflict of the two sets, the greater the value of 

ijd  indicates the greater the conflict of the two samples. 

In the following example, an example is given to show that 
the evidence conflict measure coefficient(ECMC) can be used 
to characterize the conflict between two pieces of evidence. 
For example 1 mentioned above, using the formula (10) to 
calculate, the calculation process is as follows 

1

( ) ( ) ( )
=

0.99 0.01 0

m a m b m c
m

 
 
 

, 2

( ) ( ) ( )
=

0 0.01 0.99

m a m b m c
m

 
 
 

. 

First, the data are preprocessed 

 1 = 0.99 0.01 0m


,  2 = 0 0.01 0.99m


 

All the dimensions of vector 1m


 and 2m


 are 0 or 1, and the 

parameters X


and Y


of the Jaccard similarity coefficients are 
respectively: 

 = 1 1 0X


,  = 0 1 1Y


 

Then, the ECMC is calculated for the processed data, and 
the result is as follows: 

( , ) 0.333J X Y  ,  1 2 = 0.99 0 -0.99m m
 

 

12 1 2 1 2( )( ) = 0.3333 1.9602=0.8083Td J m m m m   
   

 

From the common sense, two pieces of evidence on the 
same target support have obvious differences, evidence 1 to 
support the objectives of the a  is 0.99, and the evidence 2 
supports the objectives of the c  is 0.99, which shows that 
there is a conflict between two pieces of evidence, but the two 
pieces of evidence also supports b . Therefore, it is not 
possible to rule out the possibility of the "error" caused by the 
sensor fault, and the results are in line with the actual analysis. 

For example 2, the calculated ECMC is 0, indicating that 
there is no conflict between two pieces of evidence, and the 
actual understanding is the same; for example 3, evidence 1 
and evidence 2 of the ECMC is 12 =0.424d , the ECMC of 

evidence 2 and evidence 3 is 23 =0.4d , evidence 1 supports a , 
evidence 2 and Evidence 3 Supports c . Therefore, the conflict 
between evidence 1 and evidence 2 should be greater than the 
conflict between evidence 2 and evidence 3, which is consistent 
with the actual analysis results. According to the formula (3), 
the Jousselme evidence distance is calculated as 
follows: 1 2( , )=0.3BPAd m m , 1 2( , )=0.35BPAd m m , the calculation 
result is not consistent with the fact. For example 4, the ECMC 
of evidence 1 and 2 is 12 =0.778d  according to formula (10), 

and the Pignistic probability distance is 2

1
=0.55m

mdifBetP  

according to formula (7), In fact 1m  supports a , 2m  supports 

b , that they support the focal element is different, the conflict 
between the evidence should be relatively large. It can be seen 
from the above example that the ECMC can overcome the 
problem that conflict coefficient in the classic DS evidence 
theory and Jousselme evidence distance can not effectively 
represent the conflict size between the two pieces of evidences. 
In measuring conflict between two pieces of evidences, the 
ECMC is better than the Pignistic probability Distance. 

V. EXAMPLE ANALYSIS 

It has been proved that the conflict coefficient of the D-S 
evidence theory can not represent the conflict between the 
evidence. Here are a few examples to further illustrate the 
ECMC can be used to measure the conflict between the 
evidence. When the two pieces of evidence are identical, then 
the use of the above formula to obtain ECMC is 0, indicating 
that the two pieces of evidence is consistent, there is no 
conflict between the evidence, support for the same goal is the 
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completion of the same. When the evidence is not exactly the 
same, the ECMC can also represent the conflict between the 
evidence. The following example illustrates the effectiveness 
of the ECMC in judging evidence conflicts. 

Example 5 Putative recognition framework  , ,a b c  , 

the system has two evidences as follows: 

Evidence 1:      1 1 10.8 0.1 0.1m a m b m c  ， ， ; 

Evidence 1:      2 2 20.2 0.8 0m a m b m c  ， ， . 

By calculation, the ECMC is 0.757 

Example 6 Putative recognition framework  , ,a b c  , 

the system has two evidences as follows: 

Evidence 1:      1 1 10.8 0.1 0.1m a m b m c  ， ， ; 

Evidence 2:      2 2 20.8 0.2 0m a m b m c  ， ， . 

By calculation, the ECMC is 0.115 

From Example 5 and Example 6, it can be seen that there is 
a high degree of conflict between the evidence when the 
ECMC is large, and there is no conflict or a little conflict 
between the evidences when the ECMC is small. 

When there is a conflict between the evidence, whether the 
conflict measure coefficient can reflect the conflict between 
the evidence is more serious? The following examples are 
discussed. 

Example 7 Putative recognition framework  ,a b  , 

the system has two evidences as follows: 

Evidence 1:    1 10.7 0.3m a m b ， ; 

Evidence 2:    2 20.3 0.7m a m b ， ; 

By calculation, the ECMC is 0.566 

Example 8 Putative recognition framework  ,a b  , 

the system has two evidences as follows: 

Evidence 1:    1 10.8 0.2m a m b ， ; 

Evidence 2:    2 20.2 0.8m a m b ， ; 

By calculation, the ECMC is 0.849 

From the results of Example 7 and Example 8, it can be 
seen that the ECMC of Example 8 is larger than that of 
Example 7. The conflict between the two evidences in 
Example 8 is more obvious through visual analysis. It can be 
seen that the ECMC can be used to judge whether there is 
conflict between two evidence and the degree of conflict. 

From the above examples have seen this factor of ECMC 
can characterize the conflict between the evidence, this paper 
will use the examples in [27] to illustrate the ECMC as the 
pignistic probability distance proposed by Liu to characterize 
the conflict between the evidence. the next step for the 
selection of evidence combination method suitable to lay a 

good foundation, which can be the next step to select the 
appropriate evidence synthesis method to lay the foundation. 

Example 9 In [27], recognition framework 
 1, 2,3 , 20   , there are two BPA as follows: 

Evidence 1:  1 2,3, 4 0.05m  ,  1 7 0.05m  ,  1 =0.1m  , 

 1 =0.8m A ; 

Evidence 2:  2 1, 2,3, 4,5 1m  . 

Where A varies in accordance with  1 ,  1, 2 , 

 1, 2,3 , ···,  1, 2,3 , 20  

Table 1 gives the comparison of ECMC to conflict 
coefficient of the classical D-S evidence theory( K ), 
Jousselme evidence distance( BPAd ), and pignistic probability 

distance( mdifBetP ) in 20 cases when A  changes. 

TABLE I.  COMPARISON OF NEW PROPOSED CONFLICT 
COEFFICIENT WITH CLASSICAL CONFLICT COEFFICIENT 

A 
Conflict measure 

K dBPA difBetPm dij 

{1} 0.05 0.814 0.730 0.819 
{1,2} 0.05 0.712 0.552 0.709 
{1,2,3} 0.05 0.596 0.373 0.589 
{1,2,…,4} 0.05 0.405 0.195 0.398 
{1,2,…,5} 0.15 0.150 0.125 0.120 
{1,2,…,6} 0.15 0.397 0.258 0.387 
{1,2,…,7} 0.15 0.514 0.354 0.496 
{1,2,…,8} 0.15 0.586 0.425 0.575 
{1,2,…,9} 0.15 0.632 0.480 0.621 
{1,2,…,10} 0.15 0.673 0.525 0.664 
{1,2,…,11} 0.15 0.698 0.561 0.682 
{1,2,…,12} 0.15 0.714 0.592 0.708 
{1,2,…,13} 0.15 0.727 0.617 0.719 
{1,2,…,14} 0.15 0.739 0.639 0.728 
{1,2,…,15} 0.15 0.752 0.658 0.743 
{1,2,…,16} 0.15 0.763 0.675 0.759 
{1,2,…,17} 0.15 0.775 0.690 0.765 
{1,2,…,18} 0.15 0.789 0.703 0.779 
{1,2,…,19} 0.15 0.797 0.715 0.790 
{1,2,…,20} 0.15 0.809 0.725 0.803 

It can be seen from Table 1, with the change of set A , 
=0.05K  before A  is  1, 2,3 ,5 , =0.15K  after A  is 

 1, 2,3 ,5 , which is always a constant value, this is 

inconsistent with the facts; The evidence distance( BPAd ), 

Pignistic probability distance( mdifBetP ) and ECMC( ijd ) 

change significantly with the change of the set A, and the 
change trend of the degree of conflict is basically similar. 
When the conflict between the evidence becomes smaller, the 

BPAd , mdifBetP  and ijd  can correctly characterize the conflict 

between the evidence and gradually decrease, for example, the 
amount of conflict when  = 1, 2,3A  is less than the amount of 

conflict  = 1, 2A ; When  = 1, 2,3 ,5A  , the BPAd , mdifBetP  

and ijd  all can represent the minimum degree of conflict; 
When the conflict between the evidence becomes larger, the 
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BPAd , mdifBetP  and ijd   can correctly characterize the conflict 

between the evidence and gradually increased, for example, 

the amount of collision when  = 1, 2,3 ,8A   is larger than 

that at  = 1, 2,3 ,7A  . Through the comparative analysis, the 
results show that the proposed conflict measure can effectively 
measure the degree of conflict of evidence. 

VI. CONCLUSION 

It is generally considered that the D-S evidence 
composition theory can not be used when the conflict 
coefficient K  is large. The conflict coefficient K  is widely 
considered as a variable reflecting the conflict between the 
evidence, but the research shows that the conflict coefficient 
K can not accurately represent the conflict between the 
evidence. In this paper, a new variable-ECMC is used to 
measure the conflict between the evidence, which overcomes 
the problem that conflict coefficient in classical DS evidence, 
Jousselme evidence distance and Pignistic probability distance 
can not be accurate or even unable to characterize the conflict 
between the evidence. The next step of evidence synthesis can 
use DS evidence theory and other evidence synthesis method 
to provide a theoretical basis. In addition, the method proposed 
in this paper is a closed world conflict measure, without 
considering the identification framework is incomplete, in the 
open world, how to measure the conflict between the evidence 
is still a problem to be solved. 
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