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ABSTRACT Dempster-Shafer (D-S) evidence theory is regarded as an effective method of dealing with
the uncertainty of the information but still suffers from the conflict problem among the evidence. Despite
that various techniques were presented in plenty of publications, currently, there is no convincing evidence
and firm conclusion about the optimum solution. This study presents Belief Coulomb Force (BCF) into D-S
evidence theory, where Zhou et al. entropy is applied to represent the electrical charge of the belief function,
and the Coulomb gravity or repulsion would be identified with the Pearson correlation coefficient. According
to the simulation results, the recognition accuracy on malfunction diagnosis of the presented approach
reaches 93.7%, and the effectiveness of analyzing the conflict evidence problem can be demonstrated from
the comparison with the previous methods.

INDEX TERMS Belief Coulomb force, Pearson correlation coefficient, D-S evidence theory, fault diagnosis,
information fusion.

I. INTRODUCTION
Once firstly introduced byDempster [1], D-S evidence theory
was further improved by Shafer [2]. Due to its superiority
on manipulating the uncertain information, it was diversely
applied into machine learning [3], like rough set [6], [7],
fuzzy set [4], [5], Z value [8], [9], D number [11], [12],
belief structure [10], soft likelihood function (SLF) [13],
confidence function [18] and belief entropy [16], [17]. As a
powerful tool for analyzing the fusion and expression of
decision-level uncertainty information, D-S evidence the-
ory appears to offer sufficiently broad applicability in fault
diagnosis [9], [21], decision analysis [22], [23], and infor-
mation fusion [19], [20]. Particularly, the evidence infor-
mation fusion from multiple independent sources is mainly
performed with Dempster’s combination rule. Nevertheless,
a counterexample was found by Zadeh [24] that once the
contradictory evidence combines, the results would not be
ideal as we expected. And much attention has been paid to
this issue in the conflicting studies.

To date, two main ideas were put forward for solving the
conflict problem. The first one is to improve the classic D-S
evidence theory’s combination rules to adapt to a highly con-
flicting environment, that is, to modify the combination rules
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to redistribute conflicts. Lefevre et al. [25] proposed the ‘‘uni-
fied reliability function combination method’’ to modify the
combination rule. Several methods include Yager [26], [27],
Inagaki [28], and so on, were proposed under this kind
of idea. They introduced the method of average support
for the proposition. Fixsen and Mahler [29], Daniel [30]
proposed the minC combination rules with refining the
allocation space and local conflict and potential conflict.
Ma et al. [32] recently proposed a set of flexible combina-
tion rules from the entire conflict set. F. Xiao proposed a
generalized Dempster-Shafer (D-S) combination rule [31].
Compared with the classic Dempster combination rule,
the generalized Dempster-Shafer combination rule is more
general and applicable. The second class is to preprocess the
conflicting evidence before fusion by retaining the classi-
cal evidence theory’s combination rules [33]. Typical meth-
ods include the weighted average Deng method [35], [37]
and Murphy’s simple arithmetic average method [34]. Cur-
rently, Haenni’s view is most widely supported by the
researchers to modify the data model. Particularly, by con-
sidering the applicability of the Dempster merger rule
in various conflict situations, Xiao [36] presented a new
method to enhance the measure of belief divergence. The
correlations between belief functions and subsets of the
sets of belief functions are considered for the first time.
Jing and Tang [14] proposed a new base basic probability
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assignment (bBPA) method to deal with potential conflicts
before data fusion. Yongchuan Tang et al. [15] considered
the modeling of uncertain information from the closed-world
to the open-world hypothesis and studied the generation of
basic probability assignments with incomplete information.
Liu [38] described the conflicts with the two-tuple of k and
difBetP. Xiao et al. [50] introduced a novel coefficient as
the measurement on the correlation between two pieces of
evidence.

As introduced above, the whole research is based upon
Coulomb force theory, the background therefore would be
explained. Coulomb’s law was first proposed by Charles
Augustin de Coulomb in The Law of Electricity in 1785.
Coulomb’s law interprets the interaction force between two
static charges in a vacuum, which is proportional to the prod-
uct of their electrical charge whereas inversely proportional
to the square of their distance. The direction of the force is
on their connection line. The same kind of charges would
repel each other whereas the different kinds of charges attract
each other. Thus, Lee and Park [39] simulated eddy currents
within the integrated physical model based on the idea of
Coulomb’s law, and lots of concerns were received. Subse-
quently, an increasing number of scholars have applied novel
algorithms combining physical meaning to relevant scientific
research fields [40], [41], [49].

In this paper, the belief Coulomb Force (BCF) in
D-S evidence theory was creatively proposed. We believed
that the essence of evidence information fusion would be
affected by some potential force, which could be attractive or
repulsive. At the existence of the attraction force, the evidence
would be merged. Whereas they cannot be merged when
there is repulsion force. Moreover, the degree of these forces
between the evidence can be quantified by the presented BCF.

The main contributions in this article can be summarized
as follows:
• This is the first time when electromagnetic theory has

been introduced into evidence theory;
• Using the belief Coulomb force to measure the degree of

conflict between evidence;
• Applying the Pearson correlation coefficient to judge

under what conditions the evidence can be fused. When the
Pearson correlation coefficient is greater than 0, there is
Coulomb gravitation between the evidence and the evidence
can be fused, and vice versa.

The content of this paper can be divided into multiple parts
as follows. The relevant knowledge needed for understanding
is introduced in section 2. Then, section 3 puts forward the
BCF theory and formula and demonstrates the basic prop-
erties. In section 4, a numerical example simulates and dis-
played the process of information fusion in evidence theory.
The nature of the method is illustrated in the next section.
Additionally, the conflict measurement is conducted with the
proposed BCF formula in section 6 and the performance is
evaluated according to the comparison. The final 2 sections
demonstrate its promising application in fault diagnosis and
summarize the work of this article.

II. PREPARATION
Here, we would review several basic ideas on D-S evidence
theory, Jiang conflict coefficient, Pearson correlation coeffi-
cient, and Coulomb’s law.

A. D-S EVIDENCE THEORY
1) IDENTIFICATION FRAMEWORK
Definition 1: Let 2 = {θ1, θ2, . . . , θn}, which is called the

recognition framework, denote a set of mutually exclusive
finite groups. The 22 is the 2 power set and contains all the
propositions, which can be defined as follows

22={φ,{θ1}, . . . ,{θn},{θ1, θ2}, . . . , {θ1, θ2, . . . θ i}, . . . ,2},

(1)

where the empty set is represented by ø. If A ∈ 22 then A
could be named as a proposition.

2) MASS FUNCTION
Definition 2:As for the recognition framework2, the mass

function, mapping m from 22 to [0,1], is represented as

m : 22→ [0, 1] , (2)

which meets the following two attributes

m(∅) = 0 and
∑

θ⊆2
m (A) = 1. (3)

In (3), m(A) is the Basic Probability Assignment (BPA)
of proposition A, which stands for the degree to which A is
supported. When m(A) > 0, A can be viewed as the focal
element of the mass function.

3) DEMPSTER’S COMBINATION RUL
Definition 3: Assuming that mi(i=1,2,. . . ,5) stands for

the i-th evidence for the whole article. Meanwhile, m1 and
m2 are defined in the recognition framework, the definition
of Dempster’s combination rule can be shown as follows
(⊕ means the orthogonal sum operation.)

[m1 ⊕ m2] (θ) =


∑

A1∩A2=θ m1(A1) · m2 (A2)

1− k
θ 6= ∅

0 θ = ∅.

(4)

where the parameter k [1], conflict coefficient, can be repre-
sented as

k =
∑

A1∩A2=∅
m1(A1) · m2 (A2). (5)

This rule would valid when k < 1.

B. THE JIANG CONFLICT COEFFICIENT
Jiang [44] proposed a new kind of coefficient to describe the
conflict evidence.
Definition 4: In a recognition frame 2 within N elements,

it can be assumed that the mass functions of the two pieces
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of evidence represented by m1 and m2, the Jiang conflict
coefficient is defined as

kr (m1,m2) = 1−
c (m1,m2)

√
c (m1,m1) · c (m2,m2)

, (6)

where c(m1, m2) measures the correlation

c (m1,m2) =
∑2N

i=1

∑2N

j=1
m1(Ai)m1(Aj)

∣∣∣∣Ai ∩ AjAi ∪ Aj

∣∣∣∣ , (7)

where i, j = 1, . . . , 2N , Ai and Aj are the focus elements of
mass function, |. | represents the cardinality of the subset.
The Jang conflict coefficient kr (m1, m2), whose value

range is [0,1], is the conflict measurement between m1
and m2. The greater Jiang conflict coefficient is thought to
reflect the greater conflict between m1 and m2. kr = 1 means
a complete contradiction between m1 and m2. Otherwise,
kr = 0 means no conflict between m1 and m2.

C. PEARSON CORRELATION COEFFICIENT (PCC)
PCC [45], proposed by Pearson firstly, is used to measure the
correlation between two variables. The definition is shown
below
Definition 5: For the same assumption made in

Definition 4, PCC can be defined as

ρ (m1,m2)

=
COV (m1,m2)
σm1σm2

=
E[(m1 − µm1 )(m1 − µm2 )]

σm1σm2

=

∑2N
i=1

(
m1 (Ai)− µm1

)
·
(
m2 (Bi)− µm2

)√[∑2N
i=1

(
m1 (Ai)− µm1

)2]
·

[∑2N
i=1

(
m2 (Bi)− µm2

)2] ,
(8)

where i = 1, . . . 2N , COV(m1, m2), σm1, σm2, m1(Ai), µm1,
m2(Bi), andµm2 are the covariance betweenm1(•) andm2(•),
the standard deviation of m1(•), the standard deviation of
m2(•), the BPA of proposition Ai in m1(•), the average
probability vector of all propositions in m1(•), the BPA of
proposition Bi in m2(•), and the average probability vector of
all propositions in m2(•) respectively.
ρ(m1, m2) ∈ [−1,1] measures the correlation between

m1(•) and m2(•). When ρ > 0 (or ρ < 0), a positive (or
negative) correlation can be indicated. Whereas there is no
correlation when ρ = 0.

D. COULOMB’S LAW
Definition 6: Let F be the magnitude of Coulomb force

on the object, Ke be the Coulomb constant, Q1 and Q2 be
the magnitude of two charges, and R be the distance between
the two charges. Then, the defined Coulomb force formula is
shown as

F = Ke
Q1Q2

R2
. (9)

In Eq.(9), the law can be expressed as the condition when
the gravitation or repulsion appears between any two charges

in a vacuum. The magnitude of the Coulomb force positively
correlates with the electrical charges and is inversely associ-
ated with the square of their distance.

III. THE THEORY OF BELIEF COULOMB FORCE
Motivated by the Coulomb force theory, we propose a novel
BCF basing upon evidence theory.

A. ELECTRICAL CHARGE BASED ON ZHOU et al. ENTROPY
Deng entropy [42] is a commonly used belief entropy to
quantify uncertainty information, but it only focuses on the
mass function itself and ignores the available information
represented by the scale of the identification frame in the
evidence subject [43]. However, Zhou et al. entropy [43]
considered the scale of the recognition frame and the relative
scale of a focal element with reference relative to this frame,
and the information described is more comprehensive.
Definition 7: Assuming that mass function m is in the

recognition framework, the Zhou et al. entropy formula is
expressed as

Qm = −
∑

A⊆2
m(A)log2

(
m(A)

2|A| − 1
e
|A|−1
|2|

)
, (10)

where A is a proposition in the mass function m, |A| is
the cardinality of A, 2 is the recognition frame, 2 is the
cardinality of the recognition frame, and 2|A|−1 is the number
of potential states in A.
Assumption 1: Assume that m1 and m2 defined in the same

recognition framework2 = {A1, A2, A3}, where A1, A2, and
A3 /∈ ∅, and their BPA is as follows
m1 : m1(A1) = V1, m1(A2) = V2,m1(A3) = V3 and m2 :

m2(A1) = S1,m2(A2) = S2,m2(A3) = S3.
Calculation: Based on (10), the electrical charge of the

evidence m1 is

Qm1 = −

[
V1 × log2

(
V1

2|1| − 1
×e

|1|−1
|3|

)
+ V2

×log2

(
V2

2|1|−1
×e
|1|−1
|3|

)
+V3×log2

(
V3

2|1|−1
×e
|1|−1
|3|

)]
= −(V1×log2V1 + V2×log2V2 + V3×log2V3).

Similarly, the electrical charge of the evidence m2 is

Qm2 = −

[
S1 × log2

(
S1

2|1| − 1
×e

|1|−1
|3|

)
+ S2

×log2

(
S2

2|1|−1
×e
|1|−1
|3|

)
+S3×log2

(
S3

2|1|−1
×e
|1|−1
|3|

)]
= −(S1×log2S1 + S2×log2S2 + S3×log2S3).

B. THE DISTANCE OF COULOMB EVIDENCE
By considering the differences between focus and non-focus
elements, the Jiang conflict coefficient [48] can measure the
inconsistency effectively and satisfy many desirable proper-
ties, which might be promising in the study with regard to
similarity or relevance measurement. Hence, the Coulomb
evidence distance was constructed by the Jiang conflict
coefficient.
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Definition 8:As defined inDefinition 4 and 5, the Coulomb
evidence distance between m1 and m2 is shown below

d (m1,m2)=
√
kr (m1,m2)=

√
1−

c (m1,m2)
√
c (m1,m1)·c (m2,m2)

.

(11)

The properties of Coulomb evidence distance can be sum-
marized as follows:
Non-negativity: d(m1, m2) ≥ 0, when m1 6= m2,

d(m1, m2) > 0.
Non-degeneracy: d(m1, m2) = 0↔ m1 = m2.
Symmetry: d(m1, m2) = d(m2, m1).
Triangular inequality: d(m1, m2) ≤ d(m1, m3)+

d(m3, m2), for any m3 in the same recognition frame.

C. THE BELIEF COULOMB FORCE FORMULA AND
PERFORM MODEL ANALYSIS
In this subsection, we propose a novel BCF formula derived
from the electrical charge of evidence and the Coulomb
evidence distance.

1) THE BELIEF COULOMB FORCE FORMULA
Definition 9: As assumed above, the BCF formula based

upon (9) can be defined as

FBCF = KET
Qm1Qm2
d2

, (12)

where KET is

KET = 2−ε|2| (13)

with

0 ≤ ε ≤ 1. (14)

In Eq. (12), Qm1 and Qm2 are the electrical charges of
m1 and m2 respectively. d(m1, m2) is the Coulomb evidence
distance between them. KET is the Coulomb force parameter,
which is applied to differentiate the discernment frames.
ε stands for a flexible variable of (13) and the size of the BCF
can be dynamically regulated for more clear observation.
Simultaneously, ε value in different BCF formulas must be
consistent for a determinate system.

2) MODEL ANALYSIS
The BCF formula model is shown in Fig. 1.
Assumption 2: Assuming that m1, m2, and m3 are three

pieces of evidence defined in the same recognition framework
2 = {A1, A2, A3}, their BPA is as follows:
m1 : m1(A1)=0.99, m1(A2)=0.01, m1(A3)=0
m2 : m2(A1)=0.97, m2(A2)=0.03, m2(A3)=0
m3 : m3(A1)=0, m3(A2)=0.01, m3(A3)=0.99.
Physical significance FBCF (mi, mj) denotes the Coulomb

force between mi and mj. ρ(mi, mj) is PCC between mi and
mj. Because PCC [45] is the measurement of the correlation,
we believe that the stronger the correlation is, the stronger the
forcewould be.When PCC is greater than 0, there is Coulomb

FIGURE 1. Principle model diagram of BCF.

gravitation between mi and mj. If PCC is 1, the Coulomb
gravitation reaches the maximum value. When PCC is less
than 0, there is Coulomb repulsion between mi and mj.
If PCC is −1, the Coulomb repulsion reaches the maximum
value.
Analysis In Fig. 1, since ρ(m1, m2) > 0, there is Coulomb

gravitational force betweenm1 andm2, whose magnitude can
be represented by FBCF (m1, m2), m1 and m2 can be fused.
Because of ρ(m2, m3) < 0, there is Coulomb repulsion
between m2 and m3. FBCF (m2, m3) represents the size of the
Coulomb repulsion, so m2 and m3 cannot be fused. Due to
ρ(m1, m3) < 0, there is Coulomb repulsion between m1 and
m3. FBCF (m1, m3) denotes the magnitude of the Coulomb
repulsion, and m1 and m3 cannot be fused.
For a determined system, we can find in (13) that increas-

ing BCF is associated with increased electrical charges and
decreased square of the Coulomb evidence distance in the
same recognition frame.

D. THE BASIC PROPERTIES OF THE PROPOSED BELIEF
COULOMB FORCE FORMULA
Assumption 3:Assume thatm1 andm2 are defined the same

recognition framework 2. In a determined system, Qm1 and
Qm2 are the electrical charges of m1 and m2, d(m1, m2) is
the Coulomb evidence distance between the evidence, FBCF
is the Coulomb force between m1 and m2, and KET means
the variable of evidence Coulomb force. The properties of the
BCF formula can be identified as follows.
Nonnegative
Proof: First, according to Section 3.2, d(m1, m2) > 0,

obviously d2 > 0. Then, according to (13), KET > 0 can be
known. When d(m1, m2) > 0, according to (10), Qm1 and
Qm1 > 0. finally, Based on (12), the non-negativity of FBCF
can be obtained.
Symmetry
Proof: First, since m1 and m2 are in the same recogni-

tion frame according to Definition 9, so the Coulomb coef-
ficient KET is determined. According to the symmetry of
the Coulomb evidence distance (see section 3.2), there is
d(m1, m2) = d(m2, m1). It can be seen from (10) that the
product of Qm1 and Qm2 is equal to Qm2 and Qm1. Therefore,
based on (12), we can get the symmetry of FBCF , that is,
FBCF (m1, m2) = FBCF (m2, m1).
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TABLE 1. The preliminary evidence obtained from sensors.

IV. THE ESSENCE OF INFORMATION FUSION
Example 4: In the recognition frame 2 = {A1, A2, A3},

when T=0s, sensor 1, sensor 2 and sensor 3 obtain evidences
m1, m2, m3 respectively. Sensor 4 captures evidence m4 in
T=5s and sensor 5 gets evidence m5 in T=10s. In Table 1,
their BPA is calculated.

The evidence m3 represents the conflict evidence, which
does not support the proposition A1 whereas other pieces of
evidence do. According to the described BCF, the fusion pro-
cess of the five distinct pieces of evidence is plotted in Fig. 2.

As 5 pieces of evidence of free state were displayed
in Fig. 2(a), when T = 10, all the information has been col-
lected. In detail, they are dispersed without correlation, and
fusion is the simple combination of the evidence. Regardless,
the result is not prone to determine the final decision due to
the existence of disturbance m3. whereas the evidence would
be possible to gradually merge at each stage of obtaining
evidence in the BCF system.

The three pieces of evidence obtained in stage 1 (T= 0) are
shown in Fig. 2(b). Considering that under the BCF frame-
work, ρ(m1, m3) < 0 means that there is Coulomb repulsion
betweenm1 andm3 and they cannot be fused. The same is true
for m2 and m3. Therefore, m3 is high conflict evidence. Since
ρ(m1,m2) > 0, there is Coulomb gravitational force between
m1 and m2, which results in forming a new evidenceM ′ from
m1 and m2. The reliability of the proposition is higher than
that of the initial pieces of evidence. At this time, as shown
in Fig. 2(c), ρ(m3,M ′) < 0means that the Coulomb repulsion
between m3 andM ′ prevents them from fusing.
In stage 2 (T = 5s), when evidence m4 is added, the

status of each evidence in the system of BCF can be found
in Fig. 2(d). Both ρ(M’, m3) and ρ(m4, m3) are less than 0,
so m3 is still the conflicting evidence. Since ρ(M’, m4) > 0,
m4 and M ′ are fused into a new evidence M ′′ as shown
in Fig. 2(e). for the next stage, Fig. 2(f) displays the situation
when adding evidence m5. Fig. 2(g) plots the fusion results
of the evidence in the system of BCF.

V. EXPERIMENTAL SIMULATION
Example 5.1 Suppose the recognition frame 2 has 20 ele-
ments, such as 2 ={1,2,3, · · · ,20}. Hence, the BPA of two
different pieces of evidences m1 and m2 can be identified as
follows
m1 : m1(2,3,4)=0.05,m1(7)=0.05,m12)= 0.1,m1(A)=0.8,
m2 : m2(1,2,3,4,5)=1.
Assuming that A is not a constant set, the 20 different

conditions would vary with the number of the elements in A.

FIGURE 2. Information fusion modelling of five different pieces of
evidence based on BCF.

Then the parameters, such as the electrical charges of m1
and m2, the square distance of the Coulomb evidence, and
the value of BCF(FBCF), are recorded in Table 2.
As displayed in Table 2, when the magnitude of A

increases, the electrical charge Qm1 of m1 would gradually
increase whereas Qm2 remains constant. Fig. 3 and 4 show
the two parameters d2 and FBCF varying with the size of A
respectively.

Fig. 3 and 4 show that d2 and FBCF have opposite trends to
the size of A respectively. In Fig. 3, when A is equal to the set
{1,2,3,4,5}, d2 becomes the minimum value. On the contrary,
the fartherA deviates from {1,2,3,4,5}, the larger d2 is. As can
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TABLE 2. The values of the parameters in the BCF formula.

FIGURE 3. d2 varies with the size of A.

be seen in Fig. 4, when A is close to {1,2,3,4,5}, the maximum
FBCF can be obtained. According to the physical meaning of
BCF, when the Coulomb evidence distance d betweenm1 and
m2 reaches the maximum value, the Coulomb force would
be maximized. A larger size of A is thought to reflect the
gradually increased Coulomb evidence distance between m1
and m2, and the less FBCF .
Generally, the association between BCF and the relevant

parameters is further revealed through the simulation. In a
system of BCF, for a given recognition framework, with the
Coulomb evidence distance d decreased, BCF becomes larger

FIGURE 4. FBCF varies with the size of A.

and the force between the evidence would increase. In a word,
BCF is negatively proportional to the d2.

VI. EVIDENCE CONFLICT MANAGEMENT BASED ON THE
PROPOSED BELIEF COULOMB FORCE
Conflicts management in D-S evidence theory has been chal-
lenging the researchers for many years. Moreover, the corre-
lation measurement among evidence is of great importance.

Dempster [1] firstly proposed the conflict coefficient k
as the conflict degree between the evidence. Neverthe-
less, Liu [38] stated that k cannot represent the conflict
effectively, and a 2-D conflicting model was constructed
within the pignistic probability distance and k as the reflec-
tion of the conflict. Afterward, a rule called ‘‘(CWAC)
rule’’ was put forward by Lefèvre and Elouedi [46], where
the distance measurement was based upon belief function
according to Jousselme distance d [48], and an adaptive
weighting was presented against Dempster rules and joint
rules. Ma and Jiyao [47] performed a combination of conflict
evidence and probability difference measurement. In Deng
and Jiang [12], the correlation between 2 BPAs was inves-
tigated and applied in conflict evaluation. Then, in order to
further explore the correlation, Jiang [44] introduced a new
coefficient, as the measurement on the correlation between
two pieces of evidence, with the consideration of both the
non-intersection and the difference among the focal elements.
Inspired by Jiang’s method [44], Xiao et al. [50] proposed
a new evidence correlation coefficient to model the belief
function in evidence theory to support decision-making in
uncertain environments.

Here, we compare the conflict degree between 2 groups
BPA with the aforementioned approaches in example 5.1 and
the result is summarized in Table 3 and Fig. 5.

According to Fig. 5, we can observe that the trends of
the parameters d, kr , and KECC are the same. When A is
equal to the set {1,2,3,4,5}, the evidence conflict reaches
the maximum value. On the contrary, the farther A deviates
from {1,2,3,4,5}, the smaller the conflict value is. When the
size of A is less than 5, DisSim is non-monotonic and cannot
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FIGURE 5. Comparison of conflicts between different parameter values.

TABLE 3. Comparisons of conflict degree.

effectively evaluate conflicting. CWAC remains at a low value
and is not sensitive to the conflicting variation. Since the con-
flicting coefficient k always keeps at 0.5, it cannot be used as
the identification of the varying evidence. Basically, with the
increment of the size of A, FBCF displayed the opposite trend
compared with the other approach. Fewer conflicts between
the evidence are thought to represent the larger Coulomb
force.

In this example, although d and kr can indicate the conflict
variation, the result shows that the proposed BCF can better
interpret the distinction of the conflict evidence according to
physical theory. The trend can be vividly depicted in Fig. 5.
Meanwhile, the potential on conflict measurement of BCF is
revealed and promising for broad application.

FIGURE 6. Machine fault diagnosis flowchart.

TABLE 4. The output of the multi-sensors.

VII. APPLICATION IN FAULT DIAGNOSIS
Integrating multiple sources of evidence to provide robust
and effective malfunction diagnosis in industrial production
is a perpetual challenge for the researchers. To prove the
superiority of this approach, we applied BCF to actual fault
diagnosis which is presented by Jiang et al. [9]. The whole
process of malfunction diagnosis is plotted in Fig. 6.

A. APPLICATION BACKGROUND
The characteristic information such as accelerationm1, veloc-
ity m2, displacement m3, and so on, is collected from three
sensors and converted to BPA and shown in Table 4, where
A1, A2, A3, and A4 stand for four states of the rotor: normal
operation, unbalanced, out of adjustment, and loose base.
Thus establishing a recognition framework, namely2= {A1,
A2, A3, A4}.
According to the collected data, it should be noted that the

informationm2 conflicts with others since it does not support
A2, whereas m1 and m3 highly support A2.

B. BCF-BASED FAULT DIAGNOSIS
To fuse the data recorded from 3 sensors, we adopted Deng
method [35]. However, the evidence information recorded
from the sensor is represented by similarity derived fromBCF
rather than the evidence distance [48]. The method is briefly
described as follows.
Step 1: A BCF matrix (BCFM) is constructed as the

reflection of the correlation between two pieces of evidence.
Assuming there are n pieces of evidence, BCFM can be
defined in (15), as shown at the bottom of the next page,
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TABLE 5. The averaged evidence.

where FBCF (mi, mj) stands for the Coulomb force between
the evidence mi and mj, i=1, 2. . . n, j=1, 2..n, and i 6= j. The
value of ξ is not defined.
Step 2: Describe the similarities between the evidence.

Expressed as follows

FBPA(mi,mj) =
FBCF (mi,mj)
(1− ρ(mi,mj))

, (16)

where FBPA(mi, mj) and ρ(mi, mj) [45] denote the similarity
and Pearson correlation coefficient between mi and mj, i=1,
2. . . n, j=1, 2..n, and i 6= j. If ρ(mi,mj) > 0, there is Coulomb
gravitational force between mi, and mj. The larger the ρ is,
the smoother the fusion betweenmi andmj would be. If ρ(mi,
mj) < 0, there is Coulomb repulsion between the evidence.
The smaller the ρ(mi,mj) is, the more difficultly it is to merge
for mi and mj.
Step 3: Calculate the credibility of the evidence. The

expression of the trust degree of the evidence subject is shown
below

su (mi) =
∑n

j=1,j6=i
FBPA

(
mi,mj

)
. (17)

Among them, FBPA(mi, mj) stands for the degree of sup-
port between mi and mj, and su(mi) represents the degree of
support for mi.
Crdi is the credibility of the evidence mi, which is defined

as

Crd i =
su (mi)∑n
i=1 su (mi)

. (18)

Step 4: find the average weight of all evidence, as shown
in

AVE (m) =
∑n

i=1
(Crd i×mi). (19)

Step 5: Use Demoster’s combination rule (4) to perform
n − 1 fusions to obtain the final fusion evidence, and select
the most extensive hypothesis under the information fusion
as the recognition result.

Generally, in the specific calculation process, the cred-
ibility of three groups of evidence are Crd1 = 0.4995,
Crd2 = 0.0.0007, and Crd3 = 0.4998, which are obtained
by using (18). The average weight of the evidence is received
by (19), see Table 5.

TABLE 6. The final outputs of Dempster’s combination rule.

FIGURE 7. The probability comparison among the existing techniques.

TABLE 7. The original output of sensors and diagnosis results.

TABLE 8. Comparisons of some existing techniques.

Thus, the fusion is regulated with Dempster’s combination
rules, and the final results can be seen in Table 6.

C. ANALYSIS AND DISCUSSION
The result of the fault diagnosis can be reflected by the proba-
bility of supporting the malfunction. In this article, the thresh-
old is set to 0.8 after several simulations. Table 7 shows the
initial diagnosis results and the fault diagnosis results after
the fusion are displayed in Table 8 and Fig. 7.

Basing upon the comparison of fault diagnosis results
in Table 7 and Table 8, the advantages of multi-source sensor
data fusion are obvious. More specifically, in Table 7, it is



ξ FBCF (m1,m2) · · ·

...
...

...

FBCF (mi,m1) FBCF (mi,m2) · · ·

FBCF
(
m1,mj

)
· · · FBCF (m1,mn)

...
...

...

FBCF
(
mi,mj

)
· · · FBCF (mi,mn)

...
...

...

FBCF (mn,m1) FBCF (mn,m2) · · ·

...
...

...

FBCF
(
mn,mj

)
· · · ξ

 , (15)
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not prone to make a correct judgment if we only regard one
feature as the reflection of themachine’s working state. Under
the threshold of 0.8, this evidence indicates that they give
an indeterminate answer before the combination of evidence.
Through Fig. 7 and Table 8, we can find out that once Demp-
ster [1], Murphy [34], and Yong et al. [35] are utilized to
fuse the obtained evidence, it is not superb enough for us to
make a decision, because their m(A2) are 0.523, 0.6059, and
0.7730, respectively, and smaller than the threshold of 0.8.
The approach presented by Jiang [44], Mi and Kang [49],
and Xiao et al. [50] can only identify that the equipment
failure is unbalanced, as they obtain the values of m(A2) are
0.8063, 0.886, and 0.8964, respectively, whereas the value
of m(A2) obtained by the proposed method reaches 0.9397,
which seems to make a more robust and accurate judgment.

In summary, this example verifies the effectiveness and
robustness of BCF in conflict situations, and promises future
application.

VIII. CONCLUSION AND DISCUSSION
A new concept of BCF was introduced into D-S evidence
theory in this study. The work can be summarized as follows.
First, as far as we concerned, this is the first time when
Coulomb law is introduced into evidence theory from natural
science. Second, the BCF formula is utilized as the measure-
ment of Coulomb force between the evidence. By modeling
the evidence fusion, the rationale of BCF in the fusion process
has been clearly elaborated and the problem of under what
conditions can fuse the evidence has been solved. Finally, the
resolution on conflict management in D-S evidence theory
and the application in fault diagnosis, which demonstrate the
effectiveness and superiority.

However, several limitations in BCF still remained to be
overcome. For instance, as a measurement of the amount of
information in evidence, is there an alternative suitable infor-
mation entropy? How to improve the reliability of BCF and
apply it to more realistic issues? Hence, we would consider
the vector nature of Coulomb force and lay the foundation of
a completed BCF theory. On the other hand, BCF would be
performed to deal with the anti-monitoring of transmission
media, interference interception, and measurement.
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