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ABSTRACT The information quality is widely used in many applications. However, the existing information
quality can only deal with the probability distribution. Compared with probability distribution, the basic
probability assignment (BPA) in evidence theory is more efficient to handle uncertainty. As a result, it is
necessary to generalize the existing information quality. In this paper, a new expression for information
quality is proposed to measure the information quality of BPA. When the BPA degenerates into a probability
distribution, the proposed generalized expression for information quality in this paper is degenerated into
the information quality proposed by Yager. Numerical examples are used to demonstrate the effectiveness of
the generalized expression for information quality. In addition, a weighted average combination rule based
on the new expression for information quality is presented. A numerical example in target recognition is
illustrated to show its validity in combining conflicting evidence.

INDEX TERMS Information quality, Dempster-Shafer theory, basic probability assignment, Gini entropy,
information fusion, target recognition.

I. INTRODUCTION
Dealing with uncertainty is an open issue in real applica-
tion [1], [2]. Lots of math tools, such as fuzzy sets [3]–[5],
belief structure [6], Z-numbers [7], [8] and R-numbers are
presented. Probability theory has been heavily studied for
hundreds years and is widely used in lots of engineering.
As a measure of uncertainty of probability distribution, The
information quality proposed by Yager [9] has been applied
to decision making [10], [11], pattern classification [12], [13]
and maximum fusion [14] etc [15].

There are many different types of uncertainty [16]–[19].
Compared with probability distribution, the basic probability
assignment in Dempster-Shafer evidence theory [20], [21]
can be seen as a generalization and is more efficient to deal
with uncertain information [22].

However, Dempster-Shafer evidence theory [20], [21] as
a complete theory for dealing with uncertainty problems has
greater flexibility in dealing with uncertainty, while the infor-
mation quality proposed by Yager [9] does not apply to the
measurement of BPAuncertainty. In addition, how tomeasure
the uncertainty of BPA is also an open issue. Therefore, this
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paper proposes a generalized expression for information qual-
ity based on the framework of evidence theory.When the BPA
degenerates into a probability distribution, the generalized
expression for information quality in this paper is degenerated
into the information quality proposed by Yager [9].

The rest of the article is organized as follows. In the sec-
ond section, the combination rules in the evidence theory,
two average combination rules and the information quality
proposed by Yager [9] are introduced. In the third section,
the generalized expression for information quality proposed
in this paper is introduced, and the effectiveness of gener-
alized expression for information quality in measuring BPA
uncertainty is illustrated by a large number of examples.
In the fourth section, a weighted average combination rule
based on information quality will be proposed and a numeri-
cal example will be used to illustrate it. The fifth section is a
brief conclusion.

II. PRELIMINARIES
This section will introduce some preliminary knowl-
edge, including evidence theory, combination rules, Gini
entropy [23] and the information quality proposed by
Yager [9].
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A. DEMPSTER-SHAFER EVIDENCE THEORY
Dealing uncertainty and complexity in real world is not
inevitable [24]–[27]. Evidence theory is widely used due to
its efficiency tomodel uncertainty [28]–[31]. such as decision
making [32], evidential reasoning [33], [34], target recog-
nition [35], risk evaluation [36]. In addition, it provides a
bridge to connect different type of uncertain information such
as Z-numbers [7], D numbers [37], [38] and belief structure
[39]. However, some open issues are not well solved, such
as how to determine whether the frame of discernment is
incomplete or not is still an open issue [40].
Definition 1: The basic probability assignment is defined

as follows, assume A is a subset of X, let A mapping a number
m where m ∈ [0, 1], and satisfies [20], [21]:

m(φ) = 0 and
∑
A⊆X

m(A) = 1 (1)

The mass m(A) indicates the degree of support for evidence
A.
Definition 2: Given two basic probability assignment,

the Dempster’s combination rule, defined as follows [21]:

m(C) = m1(A)⊕ m2(B)

=


0 A ∩ B = ∅∑

A∩B=C
m1(A)m2(B)

1− k
A ∩ B 6= ∅

(2)

where

k =
∑

A∩B6=∅

m1(A)m2(B) (3)

k is the conflict among the evidences.

B. AVERAGE COMBINATION RULES
Data fusion technology can increase the system performance
and improve the efficiency of decision making [41], [42].
When there is a large conflict between the two evidences,
the Dempster’s combination rule will get counter-intuitive
results [43], [44]. To solve this problem, Dubois [45], Yager
[46], Smets [47], Murphy [48], Deng et.al [49] and other
researchers have proposed new methods [50]. This article
would mainly introduce Murphy’s average approach [48] and
modified average approach proposed by Deng et.al [49].

Murphy proposed a average combination rule [48] that
suggests that if n pieces of evidence are available at the same
time, the quality can be averaged and the average will be
combined n−1 times using the Dempster’s combination rule.
On the basis of Murphy, A weighted average combination

rule proposed by Deng et al. [49] based on evidence distance
function [51].

The calculation process for the weighted average combi-
nation rule proposed by Deng et al. [49] is shown in Algo-
rithm 1, as follows:

Algorithm 1 The Weighted Average Combination Rule Pro-
posed by Deng et.al [49]
Given some evidence m1, m2, . . ., mn
step 1 sim(mi,mj) = 1− d(mi,mj)
step 2 sup(mi) =

∑n
j=1j 6=i sim(mi,mj)

step 3 Crdi =
sup(mi)∑n
i=1 sup(mi)

step 4 MAE(m) =
∑n

i=1(Crdi × mi)
step 5 combine the evidence n-1 times

C. GINI ENTROPY AND INFORMATION QUALITY
Entropy can be used as a measure of information uncertainty
[52]. The greater the uncertainty of information, the larger the
value of entropy. There are many measurement methods for
entropy, such as Shannon entropy [53], Gini entropy [23] and
Deng entropy [54].
Definition 3: Let pi be the vector form of the probability

distribution, the Gini entropy is defined as follows [23]:

G(pi) = 1−
n∑
j=1

‖pij‖2 (4)

It can be seen from the Definition 3 that when all pj = 1/n,
its value is the largest; when pj = 1, its value is the smallest.
From the definition of the Gini entropy, it can be known

that as the value of
∑n

j=1 ‖pij‖
2 increases, the value of the

Gini entropy is smaller. The smaller the entropy, the smaller
the uncertainty and the larger the information. Therefore,
Yager proposed to use ‖pij‖2, named NegEnt , as a way to
measure information or uncertainty [9].
Definition 4: Given a probability distribution, the infor-

mation quality is defined as follows [9]:

IQpi = ‖pi‖
2
=

n∑
j=1

‖pij‖2 (5)

where

‖pi‖ =
√
(pi ∗ pi) = (

n∑
j=1

‖pij‖2)
1/2

(6)

III. THE PROPOSED METHOD
In this section, the proposed method will be described in
detail. The concept of information quality presented by Yager
and Petry [9] is efficient to measure the information quality of
probability distribution. However, in themuchmore uncertain
situation modelled by BPA, the existing information quality
can not work. To solved the question, this paper proposes a
generalized expression for information quality to measure the
uncertainty of BPA. The generalized expression for informa-
tion quality will be introduced below.
Definition 5: Given a basic probability allocation, the gen-

eralized expression for information quality is defined as fol-
lows:

IQmi =
∑
A⊆X

(
mi(A)
2|A| − 1

)2 (7)
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where mi is a mass function defined on the frame of discern-
ment X, and |A| is the cardinality of A.
As mentioned above, the generalized expression for infor-

mation quality is very similar to the information quality
proposed by Yager [9], but the belief of each focal element
is divided by an item (2|A|− 1), which represents the number
of potential states in A.
Assumem1 andm2 are two probability vectors on the space

X and that the relation between these is

m1(a) = m2(a)− α

m1(b) = m2(b)+ α

The rest of m1 and m2 are the same.∑
A⊆X

(
m1(A)
2|A| − 1

)2 = (m2(a)− α)2 + (m2(b)+ α)2

+

∑
A⊆X ,A6=a,b

(
m1(A)
2|A| − 1

)2

By simplifying:∑
A⊆X

(
m1(A)
2|A| − 1

)2 −
∑

B⊆X
(
m2(B)
2|A| − 1

)2

= 2α(m2(b)− m2(a))+ 2α2

= 2α((m2(b)− m2(a))+ α)

When m2(b) > m2(a), there is m1 > m2, and the certainty
increases. Therefore, the move of the BPA from the focal
element with small value to the focal element with large
value increases the certainty. When m2(b) = m2(a), there is
m1 > m2. Therefore, if two focal element have the same BPA
value, shifting some BPA from one focal element to another
increases the certainty. When m2(b) < m2(a), the situation is
complex. If | m2(a)−m2(b) |> α, then the certainty decrease.
If | m2(a)− m2(b) |< α, then the certainty increase.
Example 1: Assuming the mass function m(a) = 1, Its

information quality can be calculated by Definition 4 and
Definition 5 as follows:

IQp = (1)2 = 1

IQm = (
1

21 − 1
)2 = 1

Example 2: Given an framework of discernment X =
{a, b, c, d}, where the mass function is m(a) = m(b) =
m(c) = m(d) = 1/4,

IQp = (
1
4
)2 + (

1
4
)2 + (

1
4
)2 + (

1
4
)2 = 0.25

IQm = (
1/4

21 − 1
)2 + (

1/4
21 − 1

)2 + (
1/4

21 − 1
)2

+ (
1/4

21 − 1
)2 = 0.25

From Example 1 and Example 2, it can be seen that when
the BPA degenerates into a probability distribution, the values
calculated by the two information qualities are the same.
In this case, the generalized expression for information qual-
ity is degenerated into the information quality proposed by
Yager [9].

Example 3: Given an framework of discernment
X = {a, b, c, d}, where the mass function is

m1 = [(a, 1/4), (b, 1/4), (c, 1/4), (a, d, 1/4)]

m2 = [(a, 1/4), (b, 1/4), (c, 1/4), (a, b, d, 1/4)]

m3 = [(a, 1/4), (b, 1/4), (c, 1/4), (a, b, c, d, 1/4)]

IQm1 = (
1/4

21 − 1
)2 + (

1/4
21 − 1

)2 + (
1/4

21 − 1
)2

+ (
1/4

22 − 1
)2 = 0.1944

IQm2 = (
1/4

21 − 1
)2 + (

1/4
21 − 1

)2 + (
1/4

21 − 1
)2

+ (
1/4

23 − 1
)2 = 0.1888

IQm3 = (
1/4

21 − 1
)2 + (

1/4
21 − 1

)2 + (
1/4

21 − 1
)2

+ (
1/4

24 − 1
)2 = 0.1878

By comparison of Example 2 and Example 3, it can been
seen that the value of Example 2 is significantly larger than
the value of Example 3. This also is correspondent with our
intuitive experience. To a certain extent, it can be proved that
the generalized expression for information quality has good
validity.
Example 4: Given an framework of discernment X =
{a, b, c, d}, where the mass function is m(a, b, c, d) = 1,

IQm1 = (
1

24 − 1
)2 = 0.0044

By comparison of Example 3 and Example 4, it can
been seen that the value of Example 3 is larger than the
value of Example 4. The result is reasonable. Because
m(a, b, c, d) = 1 represents the information is totally
unknown. Therefore, Example 3 has higher information qual-
ity value than Example 4.
Example 5: When the identification frame is X =

{a1, a2, . . . aN }, the value of the information quality is con-
sidered in four special cases as follows:

m2(a1) = m4(a2) = · · · = m4(aN ) =
1
N

m3(a1) = m2(a2) = . . . = m2(aN ) = m2(a1, a2)

= . . . = m2(X ) =
1

2N − 1
m4(X ) = 1

As the value of N changes, the value of the generalized
expression for information quality also changes. The law of
variation between them will be shown in Figure 1. Further-
more, in order to make the image easier to be understood,
the ordinate in Figure 1 will be represented in logarithmic
form

From Figure 1, it can be seen that if N is the same, m3
has the smallest information quality value, that is, it has the
greatest uncertainty. As N increases, the value of information
quality becomes smaller, which is reasonable.

174736 VOLUME 7, 2019



D. Li et al.: Generalized Expression for Information Quality of Basic Probability Assignment

TABLE 1. Information quality of the above BPA.

TABLE 2. Results of different combination rules of evidence.

FIGURE 1. Information quality.

IV. APPLICATION
In this section, a weighted average combination rule based on
information quality is proposed, an example will be used for
the combination. The results will be compared to the results of
a combination of three different rules by Dempster, Murphy
and Deng et al. [21], [48], [49].
For Dempster’s combination rule [21], when evidence con-

flicts, counter-intuitive results will result. This is because of
the existence of extreme evidence. Due to the characteristics
of information quality, the larger the value of information,
the smaller the uncertainty. Therefore, using 1

IQ as a weight-
ing factor can be used as a method to reduce the impact of
extreme evidence. The calculation process for the proposed

weighted average combination rule is shown in Algorithm 2,
as follows:

Algorithm 2 The Proposed Weighted Average Combination
Rule
Given some evidence m1, m2, . . ., mn
step 1 IQmi =

∑
A⊆X (

mi(A)
2|A|−1 )

2

step 2
∑n

i=1
1
IQi

step 3 mw =
∑n

i=1

1
IQi∑n
i=1

1
IQi

mi

step 4 combine the evidence n-1 times
which is calculated by Definition 2

An example will be used to illustrate the effectiveness
of the method. In the multi-sensor based automatic target
recognition system, assuming the real target is A, the system
collects five different pieces of evidence from different five
sensors, as follows [49]:

m1 = ([A, 0.5], [B, 0.2], [C, 0.3])

m2 = ([A, 0], [B, 0.9], [C, 0.1])

m3 = ([A, 0.55], [B, 0.1], [A,C, 0.35])

m4 = ([A, 0.55], [B, 0.1], [A,C, 0.35])

m5 = ([A, 0.6], [B, 0.1], [A,C, 0.3])

The generalized expression for information quality of the
above five BPAs will be calculated and expressed in Table 1.

The results obtained using the four different combination
rules is shown in Table 2.
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FIGURE 2. Comparison of results of different combination rules.

Table 2 shows that Dempster’s combination rules [21] get
counter-intuitive results when there is a conflict between the
evidences. In the numerical example, m2 is in high conflict
with other evidence. Even if there is more evidence to support
Target A, the results of the Dempster’s combination rule [21]
cannot reflect this fact, which is obviously unreasonable.
It can also be seen from the figure that the results obtained
using the other three methods are reasonable. By comparing
the combined results of m1 and m2, it can be seen that the
weighted average combination rule based on information
quality is effective in reducing the impact of extreme evidence
on the results. In addition, Figure 2 plots the evidence of high
support in the calculations of the four methods. Through the
analysis of Figure 2, the support of Dempster’s combination
rule for target C is gradually increased, which is counter-
intuitive. The other three methods are reasonable, However,
when the number of evidence is not adequate, the proposed
method is superior to Murphy’s average approach [48] and
modified average approach proposed by Deng et al. [49]. It is
shown in figure 2 that the proposed method have much more
belief on the target A than the other methods.

V. CONCLUSION
The information quality proposed byYager [9] can effectively
measure the uncertainty of probability distribution. But how
to measure the information quality of the basic probability
distribution is still an open question. Therefore, this paper
proposes a generalized expression for information quality that
can be applied to BPA uncertainty measurement. Some exam-
ples show the effectiveness of the proposed information qual-
ity in BPA uncertainty measurement. In addition, by using
1
IQ as the weighting factor, a weighted average combination
rule based on generalized expression for information quality
is proposed, and its validity is proved by numerical examples
in dealing with conflict evidence in target recognition.

ACKNOWLEDGMENT
The authors greatly appreciate the reviews’ suggestions and
the editor’s encouragement.

CONFLICT OF INTERESTS
The authors declare that there is no conflict of interests
regarding the publication of this paper.

REFERENCES
[1] L. A. Zadeh, ‘‘Preliminary draft notes on a similarity-based analysis of

time-series with applications to prediction, decision and diagnostics,’’ Int.
J. Intell. Syst., vol. 34, no. 1, pp. 107–113, Jan. 2019.

[2] Q. Zou, S. Wan, Y. Ju, J. Tang, and X. Zeng, ‘‘Pretata: Predicting TATA
binding proteins with novel features and dimensionality reduction strat-
egy,’’ BMC Syst. Biol., vol. 10, no. 4, p. 114, Dec. 2016.

[3] L. A. Zadeh, ‘‘Fuzzy sets,’’ Inf. Control, vol. 8, no. 3, pp. 338–353,
Jun. 1965.

[4] A. Mardani, M. Nilashi, E. K. Zavadskas, S. R. Awang, H. Zare, and
N. M. Jamal, ‘‘Decision making methods based on fuzzy aggregation
operators: Three decades review from 1986 to 2017,’’ Int. J. Inf. Technol.
Decision Making, vol. 17, no. 2, pp. 391–466, 2018.

[5] Y. Song, X.Wang,W. Quan, andW. Huang, ‘‘A new approach to construct
similarity measure for intuitionistic fuzzy sets,’’ Soft Comput., vol. 23,
no. 6, pp. 1985–1998, Mar. 2019.

[6] R. R. Yager, ‘‘Fuzzy rule bases with generalized belief structure inputs,’’
Eng. Appl. Artif. Intell., vol. 72, pp. 93–98, Jun. 2018.

[7] L. A. Zadeh, ‘‘A note on Z-numbers,’’ Inf. Sci., vol. 181, no. 14,
pp. 2923–2932, 2011.

[8] Q. Liu, Y. Tian, and B. Kang, ‘‘Derive knowledge of Z -number from
the perspective of Dempster–Shafer evidence theory,’’ Eng. Appl. Artif.
Intell., vol. 85, pp. 754–764, Oct. 2019.

[9] R. R. Yager and F. Petry, ‘‘An intelligent quality-based approach to
fusing multi-source probabilistic information,’’ Inf. Fusion, vol. 31,
pp. 127–136, Sep. 2016.

[10] M. Song, W. Jiang, C. Xie, and D. Zhou, ‘‘A new interval numbers power
average operator in multiple attribute decision making,’’ Int. J. Intell.
Syst., vol. 32, no. 6, pp. 631–644, 2017.

[11] Z.-G. Liu, Q. Pan, J. Dezert, and A. Martin, ‘‘Combination of clas-
sifiers with optimal weight based on evidential reasoning,’’ IEEE
Trans. Fuzzy Syst., vol. 26, no. 3, pp. 1217–1230, Jun. 2018, doi: 10.
1109/TFUZZ.2017.2718483.

[12] Z. Liu, Y. Liu, J. Dezert, and F. Cuzzolin, ‘‘Evidence combination based
on credal belief redistribution for pattern classification,’’ IEEE Trans.
Fuzzy Syst., to be published, doi: 10.1109/TFUZZ.2019.2911915.

[13] Y. Song, X. Wang, L. Lei, and A. Xue, ‘‘A novel similarity measure on
intuitionistic fuzzy sets with its applications,’’ Appl. Intell., vol. 42, no. 2,
pp. 252–261, Mar. 2015.

[14] T. T. Nguyen, T. C. Phan, Q. V. H. Nguyen, K. Aberer, and B. Stantic,
‘‘Maximal fusion of facts on the Web with credibility guarantee,’’ Inf.
Fusion, vol. 48, 55–66, Aug. 2019.

[15] X. Cao and Y. Deng, ‘‘A new geometric mean FMEA method based on
information quality,’’ IEEE Access, vol. 7, pp. 95547–95554, 2019.

[16] I. Dzitac, F. G. Filip, and M.-J. Manolescu, ‘‘Fuzzy logic is not fuzzy:
World-renowned computer scientist lotfi A. Zadeh,’’ Int. J. Comput.
Commun. Control, vol. 12, no. 6, pp. 748–789, 2017.

[17] Y. Dong, J. Zhang, Z. Li, Y. Hu, and Y. Deng, ‘‘Combination of evidential
sensor reports with distance function and belief entropy in fault diagno-
sis,’’ Int. J. Comput. Commun. Control, vol. 14, no. 3, pp. 329–343, 2019.

[18] B. Wei, F. Xiao, and Y. Shi, ‘‘Fully distributed synchronization of
dynamic networked systems with adaptive nonlinear couplings,’’ IEEE
Trans. Cybern., to be published, doi: 10.1109/TCYB.2019.2944971.

[19] R. R. Yager, ‘‘On using the shapley value to approximate the choquet inte-
gral in cases of uncertain arguments,’’ IEEE Trans. Fuzzy Syst., vol. 26,
no. 3, pp. 1303–1310, Jun. 2018.

[20] A. P. Dempster, ‘‘Upper and lower probabilities induced by a multivalued
mapping,’’ Ann. Math. Statist., vol. 38, no. 2, pp. 325–339, 1967, doi: 10.
1214/aoms/1177698950.

[21] G.-C. Rota,AMathematical Theory of Evidence, G. Shafer, Ed. Princeton,
NJ, USA: Princeton Univ. Press, 1976, p. 297.

[22] X. Gao and Y. Deng, ‘‘The negation of basic probability assignment,’’
IEEE Access, vol. 7, pp. 107006–107014, 2019.

[23] G. C. Variabilitĺd’e mutabilitĺd’, Reprinted Memorie Di Metodologica
Statistica, E. Pizetti and T. Salvemini, Ed. Rome, Italy: Libreria Eredi
Virgilio Veschi, 1912.

174738 VOLUME 7, 2019

http://dx.doi.org/10.1109/TFUZZ.2017.2718483
http://dx.doi.org/10.1109/TFUZZ.2017.2718483
http://dx.doi.org/10.1109/TFUZZ.2019.2911915
http://dx.doi.org/10.1109/TCYB.2019.2944971
http://dx.doi.org/10.1214/aoms/1177698950
http://dx.doi.org/10.1214/aoms/1177698950


D. Li et al.: Generalized Expression for Information Quality of Basic Probability Assignment

[24] F. Xiao, Z. Zhang, and J. Abawajy, ‘‘Workflow scheduling in distributed
systems under fuzzy environment,’’ J. Intell. Fuzzy Syst., vol. 37, no. 4,
pp. 5323–5333, 2019, doi: 10.3233/JIFS-190483.

[25] D.Meng,M. Liu, S. Yang, H. Zhang, R. Ding, ‘‘A fluid–structure analysis
approach and its application in the uncertainty-based multidisciplinary
design and optimization for blades,’’Adv.Mech. Eng., vol. 10, no. 6, 2018,
doi: 10.1177/1687814018783410.

[26] B. Wei, F. Xiao, and Y. Shi, ‘‘Synchronization in kuramoto oscillator
networks with sampled-data updating law,’’ IEEE Trans. Cybern., to be
published, doi: 10.1109/TCYB.2019.2940987.

[27] Y. Song, X. Wang, J. Zhu, and L. Lei, ‘‘Sensor dynamic reliability
evaluation based on evidence theory and intuitionistic fuzzy sets,’’ Appl.
Intell., vol. 48, no. 11, pp. 3950–3962, 2018.

[28] Y. Han and Y. Deng, ‘‘A hybrid intelligent model for assessment of
critical success factors in high-risk emergency system,’’ J. Ambient Intell.
Humanized Comput., vol. 9, no. 6, pp. 1933–1953, 2018.

[29] D. Meng, Y. Li, S.-P. Zhu, G. Lv, J. Correia, and A. de Jesus, ‘‘An
enhanced reliability index method and its application in reliability-based
collaborative design and optimization,’’Math. Problems Eng., vol. 2019,
Mar. 2019, Art. no. 4536906, doi: 10.1155/2019/4536906.

[30] R. Fang, H. Liao, J.-B. Yang, and D.-L. Xu, ‘‘Generalised prob-
abilistic linguistic evidential reasoning approach for multi-criteria
decision-making under uncertainty,’’ J. Oper. Res. Soc., 2019, doi:
10.1080/01605682.2019.1654415.

[31] H. Zhang, D. Meng, Y. Zong, F. Wang, and T. Xin, ‘‘A modeling and
analysis strategy of constellation availability using on-orbit and ground
added launch backup and its application in the reliability design for a
remote sensing satellite,’’ Adv. Mech. Eng., vol. 10, no. 4, 2018, doi: 10.
1177/1687814018769783.

[32] F. Xiao, ‘‘EFMCDM: Evidential fuzzy multicriteria decision making
based on belief entropy,’’ IEEE Trans. Fuzzy Syst., to be published, doi:
10.1109/TFUZZ.2019.2936368.

[33] M. Zhou, X.-B. Liu, J.-B. Yang, Y.-W. Chen, and J. Wu, ‘‘Evidential
reasoning approach with multiple kinds of attributes and entropy-based
weight assignment,’’ Knowl.-Based Syst., vol. 163, 358–375, Jan. 2019.

[34] M. Zhou, X.-B. Liu, Y.-W. Chen, and J.-B. Yang, ‘‘Evidential reasoning
rule for MADM with both weights and reliabilities in group decision
making,’’ Knowl.-Based Syst., vol. 143, pp. 142–161, Mar. 2018.

[35] X. Gao and Y. Deng, ‘‘The generalization negation of probability
distribution and its application in target recognition based on sensor
fusion,’’ Int. J. Distrib. Sensor Netw., vol. 15, no. 5, Mar. 2019, doi:
10.1177/1550147719849381.

[36] G. Kabir, S. Tesfamariam, A. Francisque, and R. Sadiq, ‘‘Evaluating risk
of water mains failure using a Bayesian belief network model,’’ Eur. J.
Oper. Res., vol. 240,, no. 1, pp. 220–234, 2015.

[37] J. Zhao and Y. Deng, ‘‘Performer selection in Human Reliability analysis:
D numbers approach,’’ Int. J. Comput. Commun. Control, vol. 14, no. 3,
pp. 437–452, 2019.

[38] B. liu and Y. Deng, ‘‘Risk evaluation in failure mode and effects analysis
based on d numbers theory,’’ Int. J. Comput. Commun. Control, vol. 14,
no. 5, pp. 672–691, 2019.

[39] R. R. Yager and N. Alajlan, ‘‘Maxitive belief structures and impre-
cise possibility distributions,’’ IEEE Trans. Fuzzy Syst., vol. 25, no. 4,
pp. 768–774, Aug. 2017.

[40] R. Sun and Y. Deng, ‘‘A new method to determine generalized basic
probability assignment in the open world,’’ IEEE Access, vol. 7,
pp. 52827–52835, 2019.

[41] Y. Liu and W. Jiang, ‘‘A new distance measure of interval-valued intu-
itionistic fuzzy sets and its application in decisionmaking,’’ Soft Comput.,
2019, doi: 10.1007/s00500-019-04332-5.

[42] C. Lin, W. Chen, C. Qiu, Y. Wu, S. Krishnan, and Q. Zou, ‘‘LibD3C:
Ensemble classifiers with a clustering and dynamic selection strategy,’’
Neurocomputing, vol. 123, pp. 424–435, Jan. 2014.

[43] F. Liu, X. Gao, J. Zhao, and Y. Deng, ‘‘Generalized belief entropy and
its application in identifying conflict evidence,’’ IEEE Access, vol. 7,
pp. 126625–126633, 2019.

[44] Y. Wang, K. Zhang, and Y. Deng, ‘‘Base belief function: An efficient
method of conflict management,’’ J. Ambient Intell. Humanized Comput.,
vol. 10, no. 9, pp. 3427–3437, Sep. 2019.

[45] D. Dubois and H. Prade, ‘‘Representation and combination of uncertainty
with belief functions and possibility measures,’’ Comput. Intell., vol. 4,
no. 3, pp. 244–264, 2010.

[46] R. R. Yager, ‘‘On the dempster-shafer framework and new combination
rules,’’ Inf. Sci., vol. 41, no. 2, pp. 93–137, 1987.

[47] P. Smets, ‘‘The combination of evidence in the transferable belief model,’’
IEEE Trans. Pattern Anal. Mach. Intell., vol. 12, no. 5, pp. 447–458,
May 1990.

[48] C. K. Murphy, ‘‘Combining belief functions when evidence conflicts,’’
Decis. Support Syst., vol. 29, no. 1, 1–9, Jul. 2000.

[49] D. Yong, S. WenKang, Z. ZhenFu, and L. Qi, ‘‘Combining belief func-
tions based on distance of evidence,’’ Decis. Support Syst., vol. 38, no. 3,
pp. 489–493, 2005.

[50] W. Zhang and Y. Deng, ‘‘Combining conflicting evidence using the
DEMATEL method,’’ Soft Comput., vol. 23, pp. 8207–8216, Sep. 2019.

[51] F. Voorbraak, ‘‘On the justification of dempster’s rule of combination,’’
Artif. Intell., vol. 48,, no. 2, pp. 171–197, Mar. 1991.

[52] B. Kang and Y. Deng, ‘‘The maximum Deng entropy,’’ IEEE Access,
vol. 7, pp. 120758–120765, 2019.

[53] C. E. Shannon, ‘‘A mathematical theory of communication,’’ Bell Syst.
Tech. J., vol. 27,, no. 4, pp. 623–656, 1948.

[54] J. Abellán, ‘‘Analyzing properties of deng entropy in the theory of evi-
dence,’’ Chaos Solitons Fractals, vol. 95, pp. 195–199, Feb. 2017.

DINGBIN LI is currently pursuing the degree
with the School of Mechanical and Electrical
Engineering, University of Electronic Science
and Technology of China. His research interests
include evidence theory, decision making, infor-
mation fusion, and complex system modeling.

XIAOZHUAN GAO is currently pursuing the
degree with the Institute of Fundamental and
Frontier Science, University of Electronic Science
and Technology of China, Chengdu, China. Her
research interests include evidence theory, deci-
sion making, information fusion, and quantum
computation.

YONG DENG received the Ph.D. degree in precise
instrumentation from Shanghai Jiao Tong Uni-
versity, Shanghai, China, in 2003. From 2005 to
2011, he was an Associate Professor with the
Department of Instrument Science and Technol-
ogy, Shanghai Jiao Tong University. Since 2010,
he has been a Professor with the School of Com-
puter and Information Science, Southwest Univer-
sity, Chongqing, China. Since 2012, he has also
been a Visiting Professor with Vanderbilt Univer-

sity, Nashville, TN, USA. Since 2016, he has been a Professor with the
School of Electronic and Information Engineering, Xi’an Jiaotong Univer-
sity, Xi’an, China. Since 2017, he has also been the Full Professor with
the Institute of Fundamental and Frontier Science, University of Electronic
Science and Technology of China, Chengdu, China. Since 2017, he has also
been the Adjunct Professor with the Medical Center, Vanderbilt University.
He has published more than 100 articles in refereed journals. His research
interests include evidence theory, decision making, information fusion, and
complex system modeling. He served as the program member for many
conferences such as the International Conference on Belief Functions. He
served as many editorial board members such as the Editorial BoardMember
of Applied Intelligence and the Journal of Organizational and End User
Computing. He served as many guest editor such as the International Journal
of Approximate Reasoning and Mathematical Problems in Engineering and
Sustainability. He severed as the reviewer for more than 30 journals. He has
received numerous honors and awards, including the Elsevier Highly Cited
Scientist in China, since 2014.

VOLUME 7, 2019 174739

http://dx.doi.org/10.3233/JIFS-190483
http://dx.doi.org/10.1177/1687814018783410
http://dx.doi.org/10.1109/TCYB.2019.2940987
http://dx.doi.org/10.1155/2019/4536906
http://dx.doi.org/10.1080/01605682.2019.1654415
http://dx.doi.org/10.1177/1687814018769783
http://dx.doi.org/10.1177/1687814018769783
http://dx.doi.org/10.1109/TFUZZ.2019.2936368
http://dx.doi.org/10.1177/1550147719849381
http://dx.doi.org/10.1007/s00500-019-04332-5

	INTRODUCTION
	PRELIMINARIES
	DEMPSTER-SHAFER EVIDENCE THEORY
	 AVERAGE COMBINATION RULES
	GINI ENTROPY AND INFORMATION QUALITY

	THE PROPOSED METHOD
	APPLICATION 
	CONCLUSION
	REFERENCES
	Biographies
	DINGBIN LI
	XIAOZHUAN GAO
	YONG DENG


