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Abstract

Dempster-Shafer evidence theory (evidence theory) has been widely used for
its great performance of dealing with uncertainty. Based on evidence theory,
researchers have presented different methods to combine evidences. Dempster’s
rule is the most well-known combination method, which has been applied in
many fields. However, Dempster’s rule may yield counter-intuitive results when
evidences are in high conflict. To improve the performance of combining con-
flicting evidences, in this paper, we present a new evidence combination method
based on Pearson correlation coefficient and weighted graph. The proposed
method can correctly identify the target with a high accuracy. Besides, the
proposed method has a better performance of convergence compared with other
combination methods. In addition, the weighted graph generated by the pro-
posed method can directly represent the relation of different evidences, which
can help researchers to determine the reliability of every evidence. Moreover,
an experiment is expounded to show the efficiency of the proposed method, and
the results are analyzed and discussed.
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1. Introduction

In the past decades, plenty of theories have been developed for expressing
and dealing with the uncertainty in the uncertain environment, for instance,
probability theory [I], fuzzy set theory [2], Dempster-Shafer evidence theory
[3, [4], rough sets [5], and D numbers [6].

Dempster-Shafer evidence theory (evidence theory) has been widely applied
in many fields, like uncertainty measurements [7, [8, [9 [10], data fusion[I1] [12]
13l 4], decision making [15], complex networks[I6], 17, 18], and so on[I9, 20].
In evidence theory, Dempster’s combination rule is a widely used method for
combining different evidences. However, there are some issues about Demp-
ster’s combination rule, especially its combination result of conflicting evidence
may be illogical. To solve this problem, a lot of improved evidence combination
methods have been developed. Murphy [2I] proposed a modified combination
method by averaging the BPA of every evidence. Then, Deng [22] improved
Murphy’s method by weighted averaging BPA based on distance of evidence.
Taking independent degree as a discounting factor, Yager [23] proposed a im-
proved combination method of belief function. Some other works were also
presented[24], 25 26]. Most of these evidence combinations use the technique of
averaging BPA to reduce the influence of conflicting evidences, namely, averag-
ing BPA based on the reliability of every evidence, which can be calculated by
relative entropy[I1], similarity[27, 28], distance[22] and so on[29].

In statistics, Pearson correlation coefficient [30] is a linear correlation coef-
ficient for measuring the relationship, or association, of two variables, which is
developed by Karl Pearson with wide applications [31],[32]. Since Pearson corre-
lation coefficient is based on the covariance, it can be introduced into evidence
theory to calculate the reliability of different evidence. Inspired on this, Xu [33]
proposed a method based on shearman coefficient and pearson coefficient, which
shows a good accuracy of recognizing objects. Nevertheless, Xu’s method can

not directly reflect which evidences are in conflict. Moreover, its accuracy can
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be improved.

In discrete mathematics, graph theory is one of the prime research field,
and graph is a useful mathematical tool for directly modeling relations between
objects. In a certain graph, the objects can be represented by nodes and linked
by edges. If the edges have sense of direction, the graph is called directed graph;
if not, the graph is called undirected graph. Because of the good performance of
representing objects, graphs can be used to abstract many problems, and have
been successfully applied in real practice. For example, the nervous system can
be abstracted as a graph, where nerve cells and nerve fibers can be respectively
represented by nodes and edges [34]. The social relationships of people can also
be abstracted by graphs[35].

Recently, based on graph and complex network, a new technique of identify-
ing conflicting evidences is proposed[I8], which provides a feasible way to solve
the issues of evidence theory with the help of graphs. Based on this technique,
Liu proposes a new evidence combination method[26], which shows a great per-
formance of combining conflicting evidences. However, Liu’s method does not
use averaging technique, and it just uses simple graph to identify conflicting ev-
idence, which can be further modified to enhance the performance of combining
evidence in conflict.

As a result, in this paper, considering the problems mentioned above, we
propose a new evidence combination method based on Pearson correlation co-
efficient and weighted graph, which can combine evidences in conflict and cor-
rectly recognize the alternative with a high accuracy. Besides, the performance
of convergence of the proposed method is better than other common methods.
In addition, the proposed method can generates a weighted graph to illustrate
the relation of different evidences, which can directly show the reliability of
every evidence.

To summarize, the major contributions of this paper are as follows:

(1) A new evidence combination method is proposed based on Pearson corre-

lation coefficient and weighted graph, which can combine evidence in high
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conflict and accurately recognize the correct target.

(2) The proposed method has a good performance of convergence, which can
better fit the situation in real practice compared with other common meth-

ods.

(3) The weighted graph generated by the proposed method can directly show
the relationship of different evidences, which can be used to determine the

reliability of evidences and identify conflicting evidences

The rest of this paper is organized as follows. In section 2, some preliminaries
are briefly reviewed. In section 3, based on Pearson correlation coefficient and
weighted graph, a new evidence combination method is proposed. In section
4, an experiment are expounded to illustrate the proposed method. In section
5, the results of the experiment are discussed. In section 6, we have a brief
conclusion.

In this section, some preliminaries are briefly introduced including Dempster-

Shafer evidence theory, Pearson correlation coefficient and graph theory.

1.1. Dempster-Shafer evidence theory

Dempster-Shafer evidence theory[3], 4] can be used to deal with uncertainty.
Besides, evidence theory satisfies the weaker conditions than the probability the-
ory, which provides it with the ability to express uncertain information directly.
Some basic conceptions of evidence theory are given as follows:

Definition 2.1: Frame of discernment and its power set

Let ©, called the frame of discernment, denote an exhaustive nonempty set

of hypotheses, where the elements are mutually exclusive. Let the set © have N

elements, which can be expressed as:

@:{61a92793a"'791\7} (1)

The power set of ©, denoted as 29, contains all possible subsets of © and
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has 2N elements, and 2° is represented by

29 = {Ay, Az, Az, , Agn }
:{mv{gl}a{gﬂ’a'“ 7{91\’}7{91’02}7
{01793}3"' 7{01301\/}7"' 36} (2)

where the element A; is called the focal element of O, if A; is nonempty.
Definition 2.2: Basic probability assignment (BPA)

A BPA is a mass function mapping m from 2° to [0,1], and it is defined
as follows:

m:2° = [0,1] (3)

which is constrained by the following conditions:

Y mA)=1 (4)

Ae2®

m(0) =0 (5)

Definition 2.3: Dempster’s rule of combination
Given two BPAs my and mo from two different evidence sources, the Demp-

ster rule of combination, or the orthogonal sum of my and ms, is defined as:

m(A) — ZBQC:A mi (B)-ma(C) A 7& Q)

17K(ml,mz) (6)
m(P) =0
where K (my, ma) is the degree of conflict between my and ma, and it is defined
as follows:
K(mi,mg) = Y mi(B)-ma(C). (7)
BNC=0

It worth noting that Dempster’s rule of combination can only be used to
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combine such two BPAs, when 0<K (mq, mg)<1.

1.2. Pearson correlation coefficient

Pearson correlation coefficient is a linear correlation coefficient, which can
represent the linear correlation of two variables. The definition of Pearson cor-
relation coefficient is as follows[30]:

Definition 2.4: Pearson correlation coefficient

Assume two samples X andY which can be denoted as vectors: } and ?
FEach sample contains N sample observations which can be denoted as the com-
ponents of the vectors, namely, Y = (z1, 29, ...,xN) and 7 = (Y1,Y2, -, YN)-
Then the Pearson correlation coefficient of} and 1—} is defined as:

reg = NZij\Ll TilYi — sz\; Li Zi\; Yi
N o N 2 N o N 2
N Lixf— (Zi:l xz) NY i1y — (Zi:l yi)

The main properties of Pearson correlation coefficient is that:
(1) The value range of rg3 is [-1,1].
(2) If rip > 0, the relation between } and ? is positive correlation.
(3) If rgy <O, the relation between } and ? is negative correlation.
(4) If ri3p =0, the linear correlation of X and ¥ is not obvious.

(5) The greater |7“)—(>7| is, the higher linear correlation rate of Y and ? will
be.

1.3. Graph theory

In graph theory, the graph is a useful mathematical tool for dealing with the
relationships among objects. Some basic conceptions of graph theory are listed
as follows[36]:

Definition 2.5: Weighted graph
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A weighted graph is defined as G = (V,E,W), where V. = {v1,va, ...,un}
is called the node set whose element v; is node, E = {{v;,v;}|{vi,v;} € VAV}
is called the edge set whose element {v;,v;} is edge which connects two nodes
v; and v, and W = {wjli,j =1, ..., N} is called the weight set whose element
w;j is the weight assigned to the edge {v;,v;}.

It should be noted that the weight of the weighted graph describes the rela-
tionship between two nodes, such as distance, time, similarity, costs, et al.
Definition 2.6: Adjacency matrixz of weighted graph

The adjacency matriz A of a weighted graph G = (V, E,W) is defined as
a |V| % |V] matriz, whose elements apmp = Wiy if and only if {v,,v,} € E,
otherwise, Gy, = 0.

It worth noting that if a graph is undirected, its adjacent matrix will be

symmetric.

2. Proposed method

Since evidence theory has been proposed, different kinds of evidence combi-
nation methods have been proposed. Among them, Dempster’s method [3] is
the most popular evidence combination rule, and it has been widely used. How-
ever, when evidences are in high conflict, the result calculated by Dempster’s
method may be illogical.

To solve this problem, we propose a new method to combine evidence in
conflict. The main idea of the proposed method is that different evidence has
different reliability. The conflicting evidences should be identified and treated
cautiously, and the reliable evidences should be trusted and given a high credi-
bility. To determine the reliability of every evidence, two techniques are applied
in the proposed method.

(1) Weighted averaging the BPA of every evidence.

The reliability (or the weight) of every evidence is calculated based on Pear-
son correlation coefficient. In general, if a evidence is reliable, it is supported by

other evidences which means that the Pearson correlation of coefficient them is
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relatively high. After that, the weight can be used to weighted average the BPA
of evidence, which can improve the accuracy of the method and the performance
of convergence.

(2) Representing the relationship of every evidence based on weighted graph.

Graph is a tool to represent the relation of objects. The relationship of evi-
dences can illustrated by weighted graph which can help researchers to directly
identify the evidences in conflict or the relatively unreliable evidences.

In the rest of this section, firstly, some basic definitions are proposed. And

then, a new evidence combination is present.

2.1. Basic definitions

Pearson correlation coefficient is the linear correlation of two samples. When
the number of samples that we are dealing with is larger than two, we need a
efficient way to reorganize and represent the linear correlation of them. Inspired
of this, Pearson correlation coefficient matrix (PCCM) is proposed.
Definition 3.1: Pearson correlation coefficient matriz (PCCM)

Assume there are K samples denoted as vectors: 1\7;,]\75, ,m. Then

the Pearson correlation coefficient matriz (PCCM) of these samples is defined

as:
T11 T12 "MK
21 T22 T2K

PCCM = (9)
ki1 Tk2 -~ TKK

where r;; is the Pearson correlation coefficient of sample ﬁ, and sample ]W;
PCCM has N? Pearson correlation coefficient so that this matrix can de-
scribes the linear correlation of all the samples. Assume the samples can be
seen as nodes and the Pearson correlation coefficient as weight. Then we can
convert the PCCM into a weighted graph and its adjacent matrix.
Definition 3.2: PCCM-based weighted graph
A PCCM-based weighted graph is a undirected weighted graph defined as
Gpeem = (V,E, W), where V = {1\7;,]\72), ,m} 1s the node set, E =
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{{WZ,JE}}HM,]W;} € V AV} is the edge set, and W = {w;;li,j =1, ..., K}

is the weight set whose element w;; is defined as:

rij (ri; >0and i#j
L7 0 ) o
0 (ri; <0ori=yj)

where r;; is the Pearson correlation coefficient of PCCM. If w;; > 0, node ﬁ,
and node ]W; are connected, namely, {ﬁl, JW;} € E. If wi; =0, node ﬁz and
node 1\7; are unconnected, namely, {ﬁl, ]\7;} ¢ E.

It should be noted that the PCCM-based weighted graph does not have
self-loop. As a result, w;; = 0 when i = j.
Definition 3.3: Adjacent matriz of PCCM-based weighted graph

A adjacent matriz of PCCM-based weighted graph is defined as:

0 w12 W1k
W21 0 Wa2K
Apcom = (11)
w1 Wiz - 0

where w;; is the weight of PCCM-based weighted graph.
Because the PCCM-based weighted graph is undirected, its adjacent matrix

is symmetric, namely, w;; = wj;.

2.2. Evidence combination algorithm

Assume that there are K evidences mq,ms, ..., mg and N alternatives

Ay, Az, ..., An. The BPA of these K evidences is m;(4;) (1 = 1,2, ..., K j =

1,2, ...,N). Then the proposed evidence combination algorithm is detailed as
follows:
Step 1: Convert K evidences m; (i =1,2, ..., K ) into vectors:

M; = (mi(A1), mi(As), .., mi(An)) (12)



Step 2: Calculate the Pearson correlation coefficient matrix (PCCM) of K evi-

dence vectors:

T11 T2 -+ TIK
21 22 T2K

PCCM = | . (13)
k1 TkK2 -~ TKK

w  Step 3: Convert PCCM into PCCM-based weighted graph Gpooy = (V, E, W).

Step 4: Obtain the adjacent matrix of PCCM-based weighted graph:

0 w12 Wi1K
wa1 0 WK
Apcom = (14)
w1 Wiz o 0

Step 5: Calculate the total weight TW, of evidence m; based on the adjacent
matrix of PCCM-based weighted graph:

K
TWi = Zwij (15)
j=1

Step 6: Normalize the total weight to achieve the normalized weight NW; of

evidence m;:

TW;
NW;= ——— (16)
Zi:l W;
Step 7: Based on NW;, calculate the weighted average evidence W AE:

WAE ={m(4;)|j=1,2,..,N} (17)

K
m(A;) =Y " m; (A;) NW; (18)

i=1

1 where m; (A4;) is the BPA for evidence m; of the alternative A;.

10
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Step 8: Use Dempster’s rule to combine the weighted averaged evidence K — 1

times and get the combination result of K evidences.

3. Experiment and result

In this section, an experiment is used to illustrate the proposed evidence
combination.

Assume there are three alternatives { A, B, C'} and five evidences my, ma, ..., ms
in a target recognition system. The BPA reports of 5 evidences are collected in

Table [11

Table 1: The BPA reports of 5 evidences

{4} {B} {¢} {AC}
mp 050 020 0.30 0.00
my  0.00 0.90 0.10 0.00
ms 045 020 0.00 0.35
my 050 020 0.00 0.30
ms 045 025 0.00 0.30

These five evidences are combined by the proposed evidence combination,
and then we can recognize the exact alternative of the three based on the result.

The calculating steps are detailed as follows.

Step 1: Convert these five evidences into vectors:

0.50, 0.20, 0.30, 0.00

0.00, 0.90,0.10, 0.00

0.50, 0.20, 0.00, 0.30

]

( )
( )
(0.45,0.20,0.00, 0.35)
( )
( )

0.45,0.25, 0.00, 0.30

Step 2: Calculate the Pearson correlation coefficient matrix (PCCM) of these

11



five evidence vectors:

1 —0.146944  0.122679 0.307692 0.213980

—0.146944 1 —0.273408 —0.257151 —0.102190
PCCM = | 0122679  —0.273408 1 0.981433  0.978284
0.307692 —0.257151  0.981433 1 0.984309
0.213980 —0.102190 0.978284  0.984309 1
(19)

13 Step 3: Convert PCCM into PCCM-based weighted graph Gpcon = (V, E, W)

184 as Figure[l] where the full lines with number represent the weight w;; of
J

185 two nodes, and the dash lines indicate that two nodes are unconnected,

namely, w;; = 0.

0.981433 =,
—
M3 M4

Figure 1: PCCM-based weighted graph

186

12



Step 4: Obtain the adjacent matrix of PCCM-based weighted graph:

Apcom =

0.213980

0.122679
0.307692

0 0

0 0 0 0
0 0 0.981433
0 0.981433 0
0 0.978284 0.984309

0.122679 0.307692 0.213980

0
0.978284
0.984309

0

(20)

Step 5: Calculate the total weight TW, of evidence m; based on the adjacent

matrix of PCCM-based weighted graph:

TW; =0+ 0+ 0.122679 + 0.307692 + 0.213980 = 0.644351

TW;=0+0+0+0+0=0

TWs3 = 0.122679 4+ 0 + 0 + 0.981433 + 0.978284 = 2.082396
TWy4 = 0.307692 + 0 + 0.981433 + 0 4 0.984309 = 2.273434

TWs = 0.213980 + 0 + 0.978284 + 0.984309 4 0 = 2.176573

Step 6: Normalize the total weight to achieve the normalized weight NW; of

evidence m;:

0.644351
NW; = W = 0.089783
NWy = m =0
NWs; = ;%;gzgj = 0.290158
NW, = m = 0.316777
NWs = % = 0.303281

13

(22)



Step 7: Based on NW;, calculate the weighted average evidence W AE:

m(B) = m; (B) NW; = 0.215164 (23)

m(C) =Y _m;(C) NW; = 0.026935
=1
5
m(A,C) = m; (A,C) NW; = 0.287573

i=1

Step 8: Use Dempster’s rule to combine the weighted averaged evidence 4 times

and get the final combination result:

m(A) = 0.985939

m(B) = 0.001833 (24)
m(C) = 0.004413

m(A,C) = 0.007816

187 In this experiment, we choose the other four typical evidence combina-
s tion method, including Dempster’s method[3], Murphy’s method[21], Liu et al’s
1w method[26] and Deng et al’s method[22] to compare with the proposed method.
1w The experiment results of these five methods are shown in Table [2]

Table 2: Results of five evidence combination methods

Method m(A) m(DB) m(C) m(A,C) Target
Dempster’s method [3] 0.00000000  0.65573770  0.34426230  0.00000000 B
Murphy’s method [21] 0.89960650  0.07885140 0.01782472  0.00371738 A
Liu et al’s method [26]  0.95446411 0.00795387  0.03758202  0.00000000 A
Deng et al’s method [22]  0.96571592  0.01600922 0.01394744  0.00432741 A
Proposed method 0.98593887  0.00183259 0.00441303  0.00781550 A

101 For the convenience of discussion, the calculating procedure of the BPA

12 m(A) is shown in Table[3] It should be noted that, the total times of combining

14
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the five evidences is 5 — 1 = 4, except for Liu et al’s method, because it removes
the conflicting evidence mo and combines the rest of the four evidences by 3
times.

Table 3: The value of m(A) by different times of combining

Method Times =1 Times =2 Times=3 Times =4

Dempster’s method 0.000000 0.000000 0.000000 0.000000
Murphy’s method 0.596448 0.740307 0.836883 0.899607

Liu et al’s method 0.733945 0.890125 0.954464 /
Deng et al’s method  0.689934 0.844120 0.925710 0.965716
Proposed method 0.772013 0.909264 0.964400 0.985939

In the next section, the five evidence combination methods are analyzed

based on the experiment result.

4. Analysis and discussion

In this section, to illustrate the efficiency of the proposed method, compar-
isons between the proposed method and the other four methods are analyzed
and discussed.

In general, Dempster’s method[3] is widely used to combine data from sen-
sors based on evidence theory. Murphy’s method[21] is an efficient and typical
tool to combine conflicting evidences by simple averaging the BPA of evidences.
Deng et al’s method[22] uses distance of evidence to calculate credibility of every
evidence, which is a weighted-averaging-based method for dealing with conflict-
ing evidence. Liu et al’s method[26] is a novel evidence combination based on
generalized belief entropy, and this method uses graph model to improve the per-
formance of combining evidences. The proposed method is based on Pearson
correlation coefficient and weighted graph, which takes both weighted averag-
ing technique and graph model into consideration. The techniques of these five
methods are summarized in Table [

It can be seen from Table |2 that, the proposed method has the best perfor-

mance because it successfully recognizes the correct alternative A based on the

15
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Table 4: The techniques of five evidence combination methods

Method Graph-based method  Averaging-based method
Dempster’s method X X
Murphy’s method X v
Liu et al’s method v X
Deng et al’s method X v
Proposed method v v

conflicting evidence, and the BPA m(A) calculated by the proposed method is
the highest (0.985939) compared with other methods.

As is illustrated in Figure[2] although the difference of Murphy’s, Liu et al’s,
Deng et al’s and the proposed method is not large, proposed method can also
identify the alternatives correctly under the condition that the threshold is 0.97.

Threshold = 0.97 Em(A) #m(B) "m(C) "m(A,C)
100 N e

N
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10
0.00 . — —

Dempster's Murphy's Liuetal's Dengetal's Proposed
method method method method method

BPA

Figure 2: Results of five methods when the threshold is 0.97

When confronting extreme environment, sensors would be influenced by
many factors such as radiation, temperature or design defects which cause the
sensors to report evidences in high conflict with each other. Under this cir-
cumstance, the threshold of identifying target will be higher than common.
With the highest accuracy, the proposed method is more reliable to combine

the conflicting evidences, at least its result will not worse than the other four

16
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methods. As a result, the proposed method has the efficiency to handle conflict
in a environment with high uncertainty.

Apart from above discussions, in order to show the advantages of the pro-
posed method, more detailed comparisons are expounded in the following three

subsections based on the techniques that the method uses.

4.1. Compared with Dempster’s method

Dempster’s method is neither an averaging-based method nor a graph-based
method. When the evidences reported by sensors are in conflict with each other,
Dempster’s method may yield counter-intuitive results. In this experiment,
four evidences support alternative A, while evidence msy supports B which is
conflicted with other evidences. The result of Dempster’s method shows that,
even though more evidences support A, Dempster’s method supports alternative
B (m(B) = 0.655738 ) and is totally against A ( m(A4) =0 ), which is illogical.

By contrast, as is both an averaging-based and a graph-based method, the
proposed method draws the correct conclusion with high accuracy ( m(A4) =
0.985939 ), which can be a great alternative of Dempster’s method to combine

conflicting evidences.

4.2. Compared with averaging-based methods

Murphy’s method, Deng et al’s method and the proposed method are averaging-

based methods. In specific, Murphy’s method is a simple-averaging method,
namely, every weight of evidence is equal to each other. Deng et al’s method is
a weighted-averaging method, which means that, the weight of evidence can be
modified. The proposed method is actually a weighted-averaging method. Its
weight can be changed based on the Pearson correlation coefficient.

All of the three averaging-based methods get the correct conclusion. How-
ever, compared with other averaging-based methods, the proposed method is
more efficient. The advantages of it are analyzed as follows:

(1) Better performance of convergence.

17
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According to Table the calculating procedure of m(A) based on averaging-
based methods is shown in Figure[3] It can be seen in this figure that, obviously,
at every time of combining, the BPA m(A) of the proposed method is the
highest. Besides, the speed of convergence of the proposed method is the best,

since the value of m(A) reaches more than 0.9 only by two times of combining.

1
e Proposed method

====Deng et al's method

0.9 Murphy's method

0.8

m(A)

0.7

0.6

0.5

—

2 3
Times of combining

'S

Figure 3: The calculating procedure of m(A) based on averaging-based methods

(2) More efficient to identify the reliability of evidences

Beyond being a weighted-averaging-based method, the proposed method is
also a graph-based method. According to Step 5 of the proposed method, the
algorithm generates a weighted graph. Compared with other averaging-based
methods, the proposed can directly reflect the relationship of the evidences
based on the weighted graph.

As is illustrated in Figure 4} the node ]\7; has no edge connected with other
node, which means that ms is not supported by other evidences. As a result,
we can directly identify that ms is the conflicting evidence which should be
carefully checked. Besides, the nodes ]\7; , 1\7;1 and ]\7; connect with each other
with high weight more than 0.97, which indicates that, mg, m4 and ms highly

support to each other. Hence, we can trust these three evidences. Moreover,
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Figure 4: Identify the reliability of evidences based on weighted graph

three weights of the node ]\7; are relatively low, which alerts us that, m; is
relatively unreliable, and the BPA reported by m; should be taken with a grain
of salt.

To summarize, compared with other averaging based methods, the advan-
tages of the proposed method are the great performance of convergence and the

efficiency of identifying evidence in conflict.

4.8. Compared with graph-based methods

Liu et al’s method and the proposed method are graph-based methods. Both
of the two methods recognize the correct alternative A. However, the proposed
method is better than Liu et al’s method. The reasons are as follows:

(1) Better performance of convergence.

The calculating procedure of m(A) based on graph-based methods is shown
in Figure[§] It worth noting that, since Liu et al’s method removes the conflicting
evidence mo and combine the rest of the 4 evidences, the times of combining of
it are 4 — 1 = 3, while the the times of combining of the proposed method are

4.
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It is obviously that, at every time of combining, the BPA m(A) of the pro-
posed method is the higher than that of Liu et al’s method, which means that,
the performance of convergence of the proposed method is better than Liu et al’s
method. Although the the BPA m(A) of the proposed method is close to that
of Liu et al’s method at the the first three times of combining, the proposed
method can still enhance the value of m(A) at the 4th times, improving the

ability to identify the correct target.

1
=== Proposed method

e ] _jU et al's method
0.95

0.9

m(A)

0.8
0.75

0.7
1 2 3 4

Times of combining

Figure 5: The calculating procedure of m(A) based on graph-based methods

(2) More efficient to identify the reliability of evidences

Both of the two graph-based methods can generate a graph to identify con-
flicting evidences. As is illustrated in Figure [6] Liu et al’s method generates a
simple graph whose edge does not have weight, and the connection state is just
true (1) or false (0). By contrast, the proposed method generates a weighted
graph with weight attached to the edges which can better represent the rela-
tionship between nodes compared with simple graph.

For example, in Figure |§| (b) generated by the proposed method, there are
three edges connected to ]Tf{ (the dash line means two nodes are unconnected);

the weight of these edges are 0.122679, 0.307692 and 0.213980 which represents

20



304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

—>
n
—
ms 5
my O
0.981433 ~
R

niy ny M3 M4

(a) Simple graph based on Liu et al’s method (b) Weighted graph based on proposed method

Figure 6: Comparison between simple graph and weighted graph

that the relation of node ﬁ between other nodes is not close. While the weights
attached to the edges of ]\7;, .7\74> and ]\7; are higher than that of ]\7; . As a
result, we can draw the conclusion that, evidence m; is relatively unreliable
compared with ms, my and ms, and the BPA reports of evidence m; should
be treated cautiously. On the contrary, in Figure @ (a) generated by Liu et al’s
method, node my, ms, ms and ms are connected to each other, from which we
can not distinguish the difference of reliability of evidence m; from mg, m4 and
ms.

In conclusion, the proposed method is better than Liu et al’s method in
terms of performance of convergence and the efficiency of identifying reliability

of evidences.

5. Conclusion

In this paper, based on Pearson correlation coefficient and weighted graph, a
novel evidence combination method is proposed, which is both a averaging-based
combination method and a graph-based method, improving the performance of
combining evidence in conflict. In addition, an experiment is expounded, and

the results show the efficiency of the proposed method. Moreover, compared
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with other common evidence combination methods, the advantages of the pro-

posed method are analyzed and discussed which are summarized as follows:

(1) The proposed method can correctly recognize the target among other alter-

natives, and its accuracy is better than other methods.

(2) Compared with other combination methods, the proposed method has the

best performance of convergence.

(3) As a graph-based method, the proposed method can generates a weighted
graph to directly reflect the relationship of different evidences, giving us a

ideal way to identify the reliability of every evidence.
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