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Abstract: In order to effectively deal with the conflict temporal
evidences without affecting the sequential and dynamic charac-
teristics in the multi-sensor target recognition (MSTR) system at
the decision making level, this paper proposes a Dempster-Shafer
(DS) theory and intuitionistic fuzzy set (IFS) based temporal evi-
dence combination method (DSIFS-TECM). To realize the method,
the relationship between DS theory and IFS is firstly analyzed. And
then the intuitionistic fuzzy possibility degree of intuitionistic fuzzy
value (IFPD-IFV) is defined, and a novel ranking method with
isotonicity for IFV is proposed. Finally, a calculation method for
relative reliability factor (RRF) is designed based on the proposed
ranking method. As a proof of the method, numerical analysis
and experimental simulation are performed. The results indicate
DSIFS-TECM is capable of dealing with the conflict temporal evi-
dences and sensitive to the changing of time. Furthermore, com-
pared with the existing methods, DSIFS-TECM has stronger ability
of anti-interference.
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1. Introduction

With the increase of competition in the modern informa-
tion based war, multi-sensor target recognition (MSTR)
has more and more significant influence on the war field
situation assessment and tactical decision. Compared to
single sensor target recognition, MSTR can obtain better
recognition performance when the provided redundant and
complementary evidences in the spatial and temporal do-
main are combined in a reasonable way [1]. At present, a
relatively effective method in dealing with this problem is
Dempster-Shafer (DS) theory, which is also called as DS
evidence theory or evidence theory. This theory originates
from the model of Dempster and it is improved by Shafer
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to satisfy the classical principles of probability theory [2].
DS theory has been studied for its ability of dealing with
uncertainty and applied in many areas, such as multi-
criteria decision making [3], classification [4], and so on.

However, there are still some problems waiting to be
solved. For instance, the Dempster combination rule is
inapplicable for the completely conflicting evidences and
Zadeh paradox [5], and the existing problem of one ticket
veto [6,7]. Therefore, a lot of improved methods have been
proposed to develop the DS theory from two mainly cate-
gories. For one part, some scientists focus on the redistri-
bution of the conflicts, since they doubt the unreasonable
results coming from the normalized step in the Dempster
combination rule [8]. For the other, some scientists pay
their attention on the pretreatment process to the conflict
evidences [9]. These two categories stimulate the develop-
ment of the DS theory.

From the perspective of the research contents, DS the-
ory can be divided into two aspects, namely spatial evi-
dence combination and temporal evidence combination.
The spatial evidence combination analyzes the evidences
from different sources at the same moment, while temporal
evidence combination deals with the case coming from the
same source at different moments. Compared to the spatial
evidence combination, the temporal evidence combination
develops slower and it is more realistic for its consideration
of the real-time, sequential and dynamic. Despite the fruit-
ful achievements in the research of the temporal evidence
combination [10 – 13], we find that these methods are not
effective to handle the conflicts in the temporal domain for
their insufficient use for the relationship among temporal
evidences.

Aiming at solving these issues, we propose a DS theory
and intuitionistic fuzzy set based temporal evidence com-
bination method (DSIFS-TECM) to study the temporal
evidence combination at the decision making level accord-
ing to the thought of pretreatment to the conflict evidences.
In the proposed method, in order to conform to the actual
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situation, different discounting factors are adopted accord-
ing to the evidences at the two adjacent moments. More-
over, the calculation method for the discounting factors are
improved. Major contributions of this paper can be sum-
marized as follows.

(i) Different from intuitionistic fuzzy value (IFV)’s
ranking methods based on possibility degree, the ranking
method of IFV based on Boolean matrix and intuitionistic
fuzzy possibility degree of IFV (IFPD-IFV) is proposed,
which has isotonicity and can describe not only the prob-
ability that one IFV is bigger than the other IFV, but also
the probability that one IFV is smaller than the other IFV.
Moreover, an approach for relative reliability factor (RRF)
calculation based on our proposed ranking method is de-
signed, which needs no priori information.

(ii) Some existing methods assume that the evidences
got by sensors become more and more accurate if they do
not be disturbed by the outside in the process of combina-
tion, which does not conform to the actual situation. Thus
in this paper, we develop DSIFS-TECM to make up for
the shortcomings of the assumption in some existing meth-
ods. As a result, DSIFS-TECM can deal with not only
the situation that the accuracy of the evidences at the cur-
rent moment is bigger than that of at the previous moment,
but also the composite situation. More importantly, experi-
ments show that DSIFS-TECM has stronger ability of anti-
interference.

The remainder of this paper is organized as follows. In
Section 2, the basic concepts of the DS theory and the in-
tuitionistic fuzzy set (IFS) are introduced and the relation-
ship between DS theory and IFS is demonstrated. Then, we
propose IFPD-IFV and develop a different IFV’s ranking
method with isotonicity in Section 3. In Section 4, on the
basis of our proposed ranking method, DSIFS-TECM and
approach for RRF calculation are intensively studied. To
make a demonstration of our method, a numerical simula-
tion is performed in Section 5. Finally, we briefly conclude
the whole paper.

2. Basic concept

In the DSIFS-TECM, we deal with the temporal evidence
combination in the framework of IFS, so we introduce the
concept of the DS theory and IFS briefly.

2.1 DS theory

The frame of discernment Θ , a limited complete set con-
sisting of mutually exclusive propositions, is firstly defined
in the DS theory. The power set of Θ is represented as 2Θ

that contains all the subsets of Θ .

Definition 1 [2] For any subset A in Θ , m : 2Θ →
[0, 1] is defined as a basic probability assignment function

(BPAF), which satisfies the following three conditions:
(i) 0 � m(A) � 1;
(ii) m(∅) = 0;

(iii)
∑
A⊆Θ

m(A) = 1.

where m(A) denotes the basic probability assigned to A,
∅ is the empty set.

Definition 2 [2] Under conditions of A ⊆ Θ and
m(A) > 0, the set A is defined as the focal element.

Definition 3 [2] For any subset A in Θ , belief function
Bel and plausibility function Pl are defined as

Bel(A) =
∑
B⊆A

m(B) (1)

Pl(A) =
∑

B∩A �=∅

m(B) = 1 − Bel(Ā) (2)

where Ā represents the complementary set of A, Bel(A)
represents the degree of justified support given to A by
the available evidence, Pl(A) represents the maximum po-
tential support that could be given to A. In other words,
Bel(A) and Pl(A) represent the minimum belief degree
and maximum belief degree, respectively. The belief inter-
val can be given as [Bel(A), P l(A)].

Definition 4 [14,15] The procedure of transforming
BPAF to probability is called as the probability transforma-
tion of BPAF, or Bayesian transformation. Pignistic trans-
formation is the most common method in probability trans-
formation of BPAF, which is defined as

BetP (A) =
∑

B⊆Θ

|A ∩ B|
|B| · m(B)

1 − m(∅)
(3)

where |B| is the cardinality of set B.
Definition 5 [2] For n independent belief functions mi

on Θ , i = 1, 2, . . . , n, the results of the Dempster combi-
nation rule is defined as

m(A) = m1 ⊕ m2 ⊕ · · · ⊕ mn =⎧⎪⎪⎪⎨
⎪⎪⎪⎩

0, A = ∅∑
∩Ai=A

n∏
i=1

mi(Ai)

1 − C
, A �= ∅

(4)

where C =
∑

∩Ai=∅

n∏
i=1

mi(Ai) represents the degree of

conflict between the pieces of evidence. 1 − C is the nor-
malization factor that is used to avoid the assigning pro-
bability to the empty set in the combination process. It is
proved that the Dempster combination rule has the follow-
ing properties:

(i) Associative law: (m1 ⊕ m2) ⊕ m3 = m1 ⊕
(m2 ⊕ m3);

(ii) Commutative law: m1 ⊕ m2 = m2 ⊕ m1.
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It is worth noting that the combination results have no
relationship with the order, so the combination of multi-
ple BPAF functions can be instructed as the combination
of every two belief functions.

Definition 6 [2] Assuming that the evidence source
has a discounting factor ρ (0 � ρ � 1), the Shafer evi-
dence discounting rule is defined as the discount of the cor-
responding BPAF m, represented as

mρ(A) =
{

(1 − ρ) · m(A), A ⊂ Θ
(1 − ρ) · m(A) + ρ, A = Θ

. (5)

In addition, some special BPAFs with special mathe-
matical form and physical meaning are provided in the DS
theory, which are essential in theoretical analysis, algo-
rithm design, and engineering application. The commonly
used special BPAFs are shown in the followings.

(i) Vacuous probability assignment (VPA)

m(Θ) = 1 (6)

(ii) Simple support function (SSF)

m(X) =

⎧⎨
⎩

ε, X = A

1 − ε, X = Θ
0, otherwise

(7)

(iii) Dichotomous support function (DSF)

m(X) =

⎧⎨
⎩

ε, X = A

σ, X = Ā

1 − ε − σ, X = Θ
(8)

2.2 IFS

In the classical set theory, any element in universal set can
only belong to or not belong to a set. In other words, the
values of the characteristic function are only 0 or 1. Then,
Zadeh proposed the fuzzy set to extend the characteristic
function’s range to interval [0, 1] [16]. In 1983, profes-
sor Atanassove proposed the IFS [17] that added the de-
gree of non-membership to the fuzzy set. IFS is capable of
representing the neutral state and making a more flexible,
exquisite, comprehensive description for the nature of ob-
jective phenomenon. We will show a brief introduction of
IFS in the followings.

Definition 7 [17] Assuming that X is a finite uni-
versal set. An IFS in X is an object having the form of
Ã = {〈x, μÃ(x), vÃ(x)〉|x ∈ X}, where the functions
μÃ : X → [0, 1] and x ∈ X → μÃ(x) ∈ [0, 1] de-
fine the degree of membership for the element x(x ∈ X)
belonging to the set Ã(Ã ⊆ X). And the functions vÃ :
X → [0, 1] and x ∈ X → vÃ(x) ∈ [0, 1] define the
degree of non-membership for the element x(x ∈ X)
belonging to the set Ã(Ã ⊆ X). For every x ∈ X ,
0 � μÃ(x) + vÃ(x) � 1.

In addition, πÃ(x) = 1 − μÃ(x) − vÃ(x) is defined
as the hesitation degree of the element x belonging to the

set Ã, representing the neutral state. Based on Definition
7, lots of operations about IFS have been defined [17].
For convenience, 〈x, μÃ(x), vÃ(x)〉 is represented by
〈μÃ(x), vÃ(x)〉, which is also called as the IFV.

It has been demonstrated that IFS is equivalent to the
vague set [18]. And IFS can also be represented by the in-
terval [μÃ(x), 1− vÃ(x)], where μÃ(x) and 1− vÃ(x) are
the lower bound and upper bound of degree of member-
ship, respectively [19]. In particular, for ∀x ∈ X , when
πÃ(x) = 0 or vÃ(x) = 1−μÃ(x), IFS is equivalent to the
fuzzy set. Moreover, for a crisp set P ⊆ X and P �= ∅, it
also can be represented as P̃ = {〈x, μP̃ (x), vP̃ (x)〉|x ∈
X} in the framework of IFS, where μP̃ (x) = 1 and
vP̃ (x) = 0 when x ∈ P , μP̃ (x) = 0 and vP̃ (x) = 1
when x /∈ P . In conclusion, interval value, crisp set, fuzzy
set and vague set can be expressed in the framework of IFS,
bringing great convenience to researchers.

2.3 Relationship between DS theory and IFS

In recent years, more and more researchers began to pay
attention to the relationship between DS theory and IFS.
For example, Li et al. analyzed the relationship between
DS theory and vague set [20]. Dymova and Sevastjanov
made an interpretation about IFS in the framework of DS
theory [21,22]. Geng et al and Yager studied DS theory in
form of IFS directly [1,23]. The research on the relation-
ship between them is going on, and a brief analysis about
it is made in the followings.

Theorem 1 [1] For frame of discernment Θ =
{θ1, θ2, . . . , θn}, based on BPAF, ∀A ⊆ Θ can be rep-
resented by IFS Ã = {〈θi, μÃ(θi), vÃ(θi)〉|θi ∈ Θ},
where μÃ(θi) and vÃ (θi) are denoted the lower bound
of the membership degree and non-membership degree for
θi ∈ Ã respectively.

Proof As μÃ(θi) and vÃ(θi) are denoted the lower
bound of the membership degree and non-membership de-
gree for θi ∈ Ã respectively, according to BPAF and Defi-
nition 3, they are calculated as{

μÃ(θi) = Bel({θi})
vÃ(θi) = 1 − Pl({θi}) .

Then based on Definition 1, it can be obtained that
μÃ(θi) ∈ [0, 1] and vÃ(θi) ∈ [0, 1] as ∅ ⊆ Ã ⊆ Θ .
Moreover, as

μÃ(θi) + vÃ(θi) = Bel({θi}) + 1 − Pl({θi}) =∑
B⊆{θi}

m(B) + 1 −
∑

B∩{θi}�=∅

m(B) =

∑
B∩{θi}=B

m(B) + 1 −
∑

B∩{θi}�=∅

m(B) =

1 −
∑

B∩{θi}=C

m(B), ∅ ⊆ C ⊆ Θ ,
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and 1 −
∑

B∩{θi}=C

m(B) ∈ [0, 1], we can get Ã =

{〈θi, μÃ(θi), vÃ(θi)〉|θi ∈ Θ} meets the definition of IFS,
reflecting that ∀A ⊆ Θ can be represented in the form of
IFS. �

Theorem 2 [21] For a finite universal set X =
{x1, x2, . . . , xn}, an IFV 〈μÃ(xj), vÃ(xj)〉 (1 � j � n)
can be transformed into a BPAF in the DS theory.

Proof An IFV 〈μÃ(xj), vÃ(xj)〉 can be regarded as
the answer to the problem that whether xj belongs to
Ã, so the frame of discernment Θ is {Yes, No}. Then
according to the definition about degree of membership
and degree of non-membership, based on DSF, we can
get that m({Yes}) = μÃ(xj), m({No}) = vÃ(xj), and
m({Θ}) = πÃ(xj). In other words, IFV can be trans-
formed into the form of BPAF in DS theory. �

3. Ranking method of IFV based on
Boolean matrix and IFPD-IFV

The problem of ranking IFVs can be seen as ranking in-
terval values since IFV can be represented by [μÃ(x), 1 −
vÃ(x)]. Up to now, lots of methods about ranking of in-
terval values have been proposed, which plays an impor-
tant role in the research of the uncertainty decision. These
methods can be classified into two categories in general,
namely certainty ranking method and uncertainty ranking
method, respectively. The certainty ranking method ranks
the interval value by the real number (relative entropy,
similarity degree, and correlation degree), which can rep-
resent the order structure of interval. The uncertainty rank-
ing method ranks the interval value by the degree of one
interval bigger than other intervals, such as the probabi-
lity degree, reliability degree, and acceptability degree. As
we know, the row sum of the possibility degree (RS-PD)
matrix based ranking methods [24,25] are widely used in
reality and can be formed with three steps. Firstly, estab-
lish the possibility degree matrix through comparing any
two intervals. Then, calculate each row’s sum of the ma-
trix. Finally, rank the intervals based on the order of each
row’s sum. However, Gao has proved that RS-PD does not
have isotonicity that is important to decision making [26].
Moreover, probability degree only describes the probabi-
lity that one interval is bigger than another interval, and ig-
nores the opposite case. Therefore, we propose a ranking
method of IFV based on Boolean matrix and IFPD-IFV to
overcome the above two problems.

3.1 IFPD-IFV

Inspired by the idea that an IFV can be represented by an
interval value, IFPD-IFV is defined in this paper, which
combines the characteristics of IFV with the advantages of

IFPD for interval values. Therefore, the proposed IFPD-
IFV not only can describe the probability that one IFV is
bigger than the other IFV, but also can describe the proba-
bility that one IFV is smaller than the other IFV. Moreover,
its calculation process only needs some simple operations,
such as finding maximum and minimum values. Definition
about IFPD for interval values and IFPD-IFV are develo-
ped as follows.

Definition 8 [27] IFPD for interval values Assume
a, b ∈ Ω , where a = [a−, a+] and b = [b−, b+], the IFPD
of a � b is defined as

p(a � b) = 〈μp(a>b), vp(a>b), πp(a�b)〉 (9)

where ⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

μp(a�b) =
|X | + |Y |

|a| + |b| − |a ∩ b|
vp(a�b) =

|X̄| + |Ȳ |
|a| + |b| − |a ∩ b|

πp(a�b) =
|a ∩ b|

|a| + |b| − |a ∩ b|

. (10)

X = {x|x ∈ a, ∀y ∈ b, x � y}, Y = {y|y ∈ b, ∀x ∈
a, y � x}, X̄ and Ȳ are logical negations of X and Y ,
respectively. μp(a>b) is defined as the probability that a is
bigger than b, vp(a>b) is the probability that a is smaller
than b, and πp(a�b) is the defined as the probability that
a is equal to b. If μp(a�b) − vp(a�b) > 0, it is defined as
a > b. If μp(a�b)−vp(a�b) < 0, it is defined as a < b. And
if μp(a�b) − vp(a�b) = 0, it is defined as a ∼ b, meaning
the probability of a > b is equal to the probability of a < b.
It has proved that this definition satisfies the following pro-
perties:

(i) μp(a�b), vp(a�b), πp(a�b) ∈ [0, 1], μp(a�b) +
vp(a�b) + πp(a�b) = 1;

(ii) μp(a�b) = vp(b�a), vp(a�b) = μp(b�a), πp(a�b) =
πp(b�a);

(iii) If a > b and b > c, then a > c.
Definition 9 IFPD-IFV X = {x1, x2, . . . , xn} is

a finite universal set, Ã and B̃ are IFSs in X . For
1 � i, j � n, IFVs α = 〈μÃ(xi), vÃ(xi)〉 and β =
〈μB̃(xj), vB̃(xj)〉 can be represented by [μÃ(xi), 1 −
vÃ(xi)] and [μB̃(xj), 1 − vB̃(xj)], respectively. When
μÃ(xi) �= 1− vÃ(xi) or μB̃(xj) �= 1− vB̃(xj), the IFPD-
IFV of α � β is defined as

p(α � β) = 〈μp(α�β), vp(α�β), πp(α�β)〉 (11)

where ⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

μp(α�β) =
|X | + |Y |

|α| + |β| − |α ∩ β|
vp(α�β) =

|X̄ | + |Ȳ |
|α| + |β| − |α ∩ β|

πp(α�β) =
|α ∩ β|

|α| + |β| − |α ∩ β|

. (12)
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X = {x|x ∈ α, ∀y ∈ β, x � y}, Y = {y|y ∈ β, ∀x ∈
α, y � x}, X̄ and Ȳ are logical negations of X and
Y , respectively. μp(α�β) is the probability that IFV α is
bigger than β, vp(α�β) is the probability that IFV α is
smaller than β, and πp(α�β) is the probability that IFV α

is equal to β. Moreover, when μÃ(xi) = 1 − vÃ(xi) and
μB̃(xj) = 1 − vB̃(xj), the IFPD-IFV of α � β is defined
as ⎧⎨

⎩
p(α � β) = 〈1, 0, 0〉, μα(xi) > μβ(xj)
p(α � β) = 〈0, 1, 0〉, μα(xi) < μβ(xj)
p(α � β) = 〈0, 0, 1〉, μα(xi) = μβ(xj)

. (13)

If μp(α�β) − vp(α�β) > 0, it is defined as α > β. If
μp(α�β) − vp(α�β) < 0, it is defined as α < β. And if

μp(α�β) − vp(α�β) = 0, it is defined as α ∼ β, mean-
ing the probability of α > β is equal to the probability of
α < β. It can be proved that the definition of IFPD-IFV
satisfies the following properties according to [27]:

(i) μp(α�β), vp(α�β), πp(α�β) ∈ [0, 1], μp(α�β) +
vp(α�β) + πp(α�β) = 1;

(ii) μp(α�β) = vp(α�β), vp(α�β) = μp(α�β),
πp(α�β) = πp(α�β);

(iii) If IFV α > β and β > γ, then α > γ.

In this paper, based on Definition 9 and the character-
istics of IFV, the calculation process of p(α � β) when
μÃ(xi) �= 1 − vÃ(xi) or μB̃(xj) �= 1 − vB̃(xj) is simpli-
fied as

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

μp(α�β) =
max(0, 1 − vÃ(xi) − max(μÃ(xi), 1 − vB̃(xj))) + max(0, min(μÃ(xi), 1 − vB̃(xj)) − μB̃(xj))
πÃ(xi) + πB̃(xj) − max(0, min(πÃ(xi), πB̃(xj), 1 − vÃ(xi) − μB̃(xj), 1 − vB̃(xj) − μÃ(xi)))

vp(α�β) =
max(0, min(1 − vÃ(xi), μB̃(xj)) − μÃ(xi)) + max(0, 1 − vB̃(xj) − max(1 − vÃ(xi), μB̃(xj)))
πÃ(xi) + πB̃(xj) − max(0, min(πÃ(xi), πB̃(xj), 1 − vÃ(xi) − μB̃(xj), 1 − vB̃(xj) − μÃ(xi)))

πp(α�β) =
max(0, min(πÃ(xi), πB̃(xj), 1 − vÃ(xi) − μB̃(xj), 1 − vB̃(xj) − μÃ(xi)))

πÃ(xi) + πB̃(xj) − max(0, min(πÃ(xi), πB̃(xj), 1 − vÃ(xi) − μB̃(xj), 1 − vB̃(xj) − μÃ(xi)))

. (14)

3.2 Ranking method of IFV based on Boolean matrix
and IFPD-IFV

The proposed ranking method of IFV based on Boolean
matrix and IFPD-IFV not only has the property of isotonic-
ity, but also has the advantage of IFPD-IFV. Its ranking
process for IFVs is provided below.

(i) For N IFVs A1, A2, . . . , AN in the IFS Ã and ∀i, j ∈
[0, N ], calculate IFPD of Ai � Aj according to (13) and
(14).

(ii) Establish the contrast matrix IFP = (IFPij)N×N

for N IFVs;

IFP =

⎡
⎢⎢⎢⎣

IFP11 IFP12 · · · IFP1N

IFP21 IFP22 · · · IFP2N

...
...

. . .
...

IFPN1 IFPN2 · · · IFPNN

⎤
⎥⎥⎥⎦ (15)

where IFPij = p(Ai � Aj), μij = μp(Ai�Aj), vij =
vp(Ai�Aj), πij = πp(Ai�Aj), and IFPii = 〈0, 0, 1〉.

(iii) According to IFP , establish the Boolean matrix
Q = (qij)N×N , which is also called as sort matrix;

Q =

⎡
⎢⎢⎢⎣

q11 q12 · · · q1N

q21 q22 · · · q2N

...
...

. . .
...

qN1 qN2 · · · qNN

⎤
⎥⎥⎥⎦ (16)

where qij =
{

1, μij − vij � 0
0, μij − vij < 0 .

(iv) Calculate the sum of each row for Q, denoted as

λ′
i =

N∑
j=1

qij . (17)

Then we can get λ′ = (λ′
1, λ

′
2, . . . , λ

′
N ).

(v) Ranking IFVs according to the order of λ′
i.

Then, we will propose the theorem to provide a theore-
tical basis for the proposed ranking method.

Theorem 3 For given IFVs A1, A2, . . . , AN , IFP =
(IFPij)N×N and Q = (qij)N×N are contrast matrix and

sort matrix, respectively. If λ′
i =

N∑
j=1

qij , 1 � i � N , then

λ′
i � λ′

j ⇔ μij − vij � 0.
Proof Firstly, we prove the sufficiency. If μij−vij < 0,

we can know that Ai < Aj . Thus for ∀η ∈ [0, N ], if
μiη − viη � 0 that represents Ai > Aη or Ai ∼ Aη ,
we can know that Aj > Aη according to property (iii) and
get μjη − vjη > 0. Then according to (17), we can get
that λ′

i < λ′
j , which contradicts with the known condition

λ′
i � λ′

j . Therefore, λ′
i � λ′

j ⇒ μij − vij � 0.
Then, we validate the necessity. As μij − vij � 0, we

can know that Ai > Aj or Ai ∼ Aj . Thus for ∀η ∈ [0, N ],
if μjη − vjη � 0 that represents Aj > Aη or Aj ∼ Aη , we
can know that Ai > Aη or Ai ∼ Aη according to property
(iii) and get μiη − viη � 0. Then according to (17), we can
get that λ′

i � λ′
j . Therefore, λ′

i � λ′
j ⇐ μij − vij � 0. �

Theorem 4 The ranking result of IFVs based on
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λ′
i =

N∑
j=1

qij , 1 � i � N possesses the property of iso-

tonicity.
Proof According to Theorem 3, for given IFVs

A1, A2, . . . , AN , if two IFVs satisfy μij − vij > 0 that
means Ai > Aj , then λ′

i > λ′
j . For any IFV AN+1, if

μj(N+1) − vj(N+1) � 0 that means Aj > AN+1 or Aj ∼
AN+1, according to property (iii), we can get Ai > AN+1

and μi(N+1) − vi(N+1) > 0, so λ′
i new = λ′

i + 1 >

λ′
j new = λ′

j +1 that means the order of Ai and Aj is un-
changed. In the same way, if μj(N+1)−vj(N+1) < 0, there
are two situations. Firstly, when μi(N+1) − vi(N+1) � 0,

λ′
i new = λ′

i + 1 > λ′
j new = λ′

j . Secondly, when
μi(N+1) − vi(N+1) < 0, λ′

i new = λ′
i > λ′

j new = λ′
j . In

both situations, the order of Ai and Aj is also unchanged.
Above all, we can know that if Ai > Aj , add any IFV into
the comparisons, the order of them is unchanged based on
λ′

i. In other words, the ranking result of IFVs based on

λ′
i =

N∑
j=1

qij , 1 � i � N has isotonicity. �

Example 1 Ranking three IFVs A1 = 〈0.19, 0.41〉,
A2 = 〈0.21, 0.46〉, A3 = 〈0.2, 0.59〉.

The contrast matrix IFP for these three IFVs is

IFP =

⎡
⎣ 〈0, 0, 1〉 〈0.125, 0.005, 0.87〉 〈0.45, 0.025, 0.525〉
〈0.005, 0.125, 0.87〉 〈0, 0, 1〉 〈0.411 8, 0, 0.588 2〉
〈0.025, 0.45, 0.525〉 〈0, 0.411 8, 0.588 2〉 〈0, 0, 1〉

⎤
⎦ .

Then we can get

Q =

⎡
⎣ 1 1 1

0 1 1
0 0 1

⎤
⎦ .

Thus λ′ = (3, 2, 1), and we can get the ranking of these
three IFVs as A1 > A2 > A3.

In the same way, comparing with the fourth IFV Ã4 =
〈0.2, 0.59〉, we can get λ′ new = (4, 3, 2, 2) with the
ranking as A1 > A2 > A3 ∼ A4. From the result we
can see that the proposed method has isotonicity. How-
ever, using the method in [13], we can get the ranking of
A1 > A2 > A3 and A2 > A1 > A3 ∼ A4, respectively.
Indicating that the method in [13] has no isotonicity.

4. DS and IFS based temporal evidence
combination for MSTR

In this section, we first describe the MSTR system ac-
cording to recursive distributed non-feedback temporal-
spatial evidence combination model. Then, we focus on
the TECM. Finally, the calculation method for RRF is de-
signed based on the proposed ranking method of IFV in
Section 4.3.

4.1 MSTR system based recursive distributed
non-feedback temporal-spatial evidence
combination model

Lang and Lynch [10] studied the temporal-spatial evidence
combination model based on DS theory. They summarized
the characteristics of the recursive centralized structure
and the recursive distributed structure. Moreover, the au-
thors proposed the recursive centralized temporal-spatial
evidence combination model, recursive distributed non-

feedback temporal-spatial evidence combination model
and also the recursive distributed feedback temporal-
spatial evidence combination model.

A typical application for temporal-spatial evidence
combination is MSTR system, in which it is unreason-
able to deal with all evidences in the processing center
when adopting the recursive centralized temporal-spatial
evidence combination model. Meanwhile, it is inconsistent
for the intuitive analysis when the sooner evidences have
greater influence on the combination results through adopt-
ing the recursive distributed feedback temporal-spatial evi-
dence combination model. Therefore, we adopt the recur-
sive distributed non-feedback temporal-spatial evidence
combination model to handle the evidences from MSTR
system at every moment, as shown in Fig. 1.

In Fig. 1, every sensor i (i = 1, . . . , M) can be not only
a physical sensor like radar and infrared, but also a logi-
cal sensor based on different classical methods or different
feature subsets. Moreover, mk(i) represents the evidence
from the ith sensor at the moment k, mk−1,k(i) represents
the temporal evidence combination result for the ith sensor
at the moment k and mk all is the combination of all the
evidences before the moment k. In the MSTR based recur-
sive distributed non-feedback temporal-spatial evidence
combination model, both the temporal evidence combi-
nation and the spatial evidence combination are needed.
However, lots of methods have been proposed to deal with
the spatial evidence combination, such as Dempster com-
bination rule and its improved algorithms. Therefore, we
focus our point on the temporal evidence combination,
shown in the upcoming part. For convenience, sensor i is
denoted as Si, mk(i) is denoted as mk and mk−1,k(i) is
denoted as mk−1,k.
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Fig. 1 MSTR system based recursive distributed non-feedback temporal-spatial evidence combination model

4.2 DS theory and IFS based TECM

Temporal evidence combination can be seen as a process of
accumulating evidences in the time domain. The evidences
in the current moment are the inheritance and renewal for
the last moment. To combine the temporal evidences, it is
needed to evaluate dynamic reliability for the temporal evi-
dence sequence and handle the conflict evidences between
adjacent moments. The method in [13] considers both of
them and can deal with the combination of temporal evi-
dences effectively based on the assumption that the evi-
dences got by sensors become more and more accurate if
they are disturbed by the outside in the process of combi-
nation. It is an outstanding method up to now. However,
the assumption of this method does not conform to the ac-
tual situation, in which sensors may be broken, and other
cases may occur that make the accuracy of the evidences at
the current moment lower than that of the evidences at the
previous moment. So in this paper, we improve the method
in [13] and develop DSIFS-TECM.

DSIFS-TECM: For frame of discernment Θ =
{θ1, θ2, . . . , θn}, when the set ΘMaxSupport mk−1 that has
maximum support according to mk−1 has no intersection
with the set ΘMaxSupport mk

that has maximum support
according to mk, adopt the method in (18). Otherwise,
adopt the method in (19).⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

mr1
k−1(A) =

{
r1 · mk−1, A ⊂ Θ
r1 · mk−1 + 1 − r1, A = Θ

mr2
k (A) =

{
r2 · mk−1, A ⊂ Θ
r2 · mk−1 + 1 − r2, A = Θ

m(A) = mr1
k−1(A) ⊕ mr2

k (A)

(18)

Fig. 2 Algorithm flow for DSIFS-TECM
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⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

(mω
k−1)

r1(A) =
{

r1 · mω
k−1, A ⊂ Θ

r1 · mω
k−1 + 1 − r1, A = Θ

mr2
k (A) =

{
r2 · mk, A ⊂ Θ
r2 · mk + 1 − r2, A = Θ

m(A) = (mα
k−1)

r1(A) ⊕ mr2
k (A)

(19)
where r1 and r2 represent RRF, ω is real-time reliability
factor (RTRF) that can be calculated according to [13]. In
order to illustrate the method more intuitively, its algorithm
flow is described in Fig. 2.

By adopting DSIFS-TECM, we can not only deal with
the situation with the evidences accuracy better than that in
the previous moment, but also the composite situation. The
most important thing for the proposed method is to calcu-
late RRF. Different from the calculation method in [13],
we propose a new calculation method for RRF based on

the proposed ranking method

4.3 Calculation method for RRF based on
the proposed ranking method

There is the idea that the bigger the belief interval is,
the greater degree of reliability should be given to its
corresponding proposition. However, there are at least n

comparison results for the frame of discernment Θ =
{θ1, θ2, . . . , θn}, so the RRF is a compromise for them
based on the thought of the group decision making method.
In this paper, the calculation method for RRF based on the
proposed ranking method is designed. It needs no priori
information and can be realized as follows.

(i) For ∀θi ∈ Θ , represent it in the form of IFV ac-
cording to mω

k−1 (or mk−1) and mk, and establish a group
decision making model based on IFS, denoted by

mω
k−1 or mk−1 mk mω

k−1 or mk−1 mk

F =

θ1

θ2

...
θn

⎛
⎜⎜⎜⎝

Isk−1(θ1) Isk(θ1)
Isk−1(θ2) Isk(θ2)

...
...

Isk−1(θn) Isk(θn)

⎞
⎟⎟⎟⎠ =

θ1

θ2

...
θn

⎛
⎜⎜⎜⎝

〈Belk−1(θ1), 1 − Plk−1(θ1)〉 〈Belk(θ1), 1 − Plk(θ1)〉
〈Belk−1(θ2), 1 − Plk−1(θ2)〉 〈Belk(θ2), 1 − Plk(θ2)〉

...
...

〈Belk−1(θn), 1 − Plk−1(θn)〉 〈Belk(θn), 1 − Plk(θn)〉

⎞
⎟⎟⎟⎠ . (20)

(ii) Transform the IFS based group decision making
model to the real number based group decision making
model according to the proposed ranking method, and its
process is shown in the followings.

Firstly, establish the contrast matrix IFP (i) =
(IFPgh)2×2 for IFVs Isk−1(θi) and Isk(θi).

Then, based on the ranking method in Section 3.2, we
can get

λ′
θi

= (λ′
θi 1, λ

′
θi 2)

T. (21)

Finally, the real number based group decision making
model can be denoted as

W = (λ′
θ1

, λ′
θ2

, . . . , λ′
θn

). (22)

(iii) Calculate RRF by the eigenvalue method, and its
process is shown in the followings.

Firstly, calculate the feature vector R corresponding to
the maximum eigenvalue of W , denoted as

R(WW T) = λmax · WW T. (23)

Then, in order to guarantee that the components in R

are positive, we need to normalize it as

R′ = R/(R1 + R2) = (R′
1, R

′
2). (24)

Finally, the RRF can be calculated as{
r1 = R′

1/ max{R′
1, R

′
2}

r2 = R′
2/ max{R′

1, R
′
2} . (25)

5. Experimental results

In this section, the performance of DSIFS-TECM is ana-
lyzed through numerical analysis and experimental simu-
lation at the decision making level. All algorithms are im-
plemented by using Matlab 2013b and experiments are
carried out on a personal computer equipped with an In-
tel Core i5-4590 dual-core processor and 4GB of RAM,
running the 32-bit Microsoft Windows 7 operation system.
Experimental results are presented and discussed as fol-
lows.

5.1 Analysis for the ability of dealing with
conflict evidences

For the frame of discernment Θ = {θ1, θ2, θ3}, when the
BPAF of a sensor S at t1 = 5 s is m1 and at t2 = 8 s is
m2, the temporal combination result at t2 = 8 s can be ob-
tained by our proposed method. m1 and m2 are completely
conflict evidences, denoted as

m1({θ1}) = 0.6, m1({θ2}) = 0.1, m1({θ3}) = 0.3

m2({θ1}) = 0, m2({θ2}) = 0.8, m2({θ3}) = 0.2.
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The set in Θ that has maximum support according to
mk−1 is {θ1} and the set in Θ that has maximum sup-
port according to m2 is {θ2}. As the intersection of {θ1}
and {θ2} is empty, based on DSIFS-TECM in Section 4.2,
there is no need to calculate RTRF. And it is easy to get
that r1 = 1, r2 = 0.780 8 according to our method in
Section 4.3 and new BPAFs are

mr1
1 ({θ1}) = 0.6, mr1

1 ({θ2}) = 0.1, mr1
1 ({θ3}) = 0.3

mr2
2 ({θ1}) = 0, mr2

2 ({θ2}) = 0.624 64

mr2
2 ({θ3}) = 0.156 16, mr2

2 (Θ) = 0.219 2.

Then, using the Dempster combination rule, we can get
the temporal combination result of S1 at t2 as

m12({θ1}) = 0.400 4,

m12({θ2}) = 0.256 9, m12({θ3}) = 0.342 8.

From the obtained combination result, we can see
the support of {θ1} is the biggest, which conforms to

the proposition that is supported by m1. If we adopt
the Dempster combination rule directly, we can get that
m12({θ1}) = 0 and the support of {θ1} will always be 0.
Meanwhile, the Dempster combination rule has the prob-
lem of one ticket veto. However, the proposed DSIFS-
TECM does not have this problem, showing that DSIFS-
TECM has the ability of dealing with conflict evidences
and it is conductive to making reasonable decisions.

5.2 Analysis for the ability of anti-interference

Based on the frame of discernment and the information
for sensor S in the section 5.1, when the BPAF of S1 at
t3 = 16 s is m3, we consider the following two situations.

(i) m3({θ1}) = 0.5, m3({θ2}) = 0.3, m3({θ3}) = 0.2.

(ii) m3({θ1}) = 0.1, m3({θ2}) = 0.75, m3({θ3}) =
0.15.

The combination result at t3 = 16 s for these two situa-
tions can be seen in Table 1.

Table 1 Temporal evidence combination result of DSIFS-TECM in the two situations

m3 BPAF of m12 RRF Combination result

m3({θ1}) = 0.5 m12({θ1}) = 0.400 4 m({θ1}) = 0.505 4

m3({θ2}) = 0.3 m12({θ2}) = 0.256 9
r1 = 0.5

m({θ2}) = 0.195 4

m3({θ3}) = 0.2 m12({θ3}) = 0.342 8 r2 = 1 m({θ3}) = 0.299 2

m3({θ1}) = 0.1 m12({θ1}) = 0.400 4 m({θ1}) = 0.269 9

m3({θ2}) = 0.75 m12({θ2}) = 0.256 9
r1 = 1

m({θ2}) = 0.468 7

m3({θ3}) = 0.15 m12({θ3}) = 0.342 8 r2 = 0.780 8 m({θ3}) = 0.261 4

From Table 1 we can see that the combination results are
different in different situations. In situation (i), m3 is close
to m1, and it can be seen as the tested system is interfered
at t2. This interference decreases the support of {θ1} and
leads to a wrong result. At t3, the tested system recovers
to the normal, the support of {θ1} increases, and the final
decision result is {θ1}. In situation (ii), m3 is close to m2,
and it can be seen as the evidences got at t1 have large
deviations. With the passage of time, the tested system be-
comes more accurate, the support of {θ2} increases, and
the final decision result is {θ2}. These results show that
DSIFS-TECM is sensitive to the change of evidence, and
has the ability of anti-interference.

5.3 Experimental simulation

The experimental simulation in this section is conducted
on a simulation system of ballistic midcourse target recog-
nition, which is a typical MSTR system.

In the simulation system, continuous observations of tar-
gets in the finite time are given and recognition results
are provided by adopting the process of spatial tempo-
ral evidence combination in Fig. 1. Typically, there are
three sensors S1, S2 and S3 at different positions. In or-

der to meet the requirement that the evidence sources are
independent in DS theory, the detection information be-
tween sensors and different time nodes of the same sen-
sor in the simulation system must not affect each other.
Feature extraction and classifier design are not specified
here since they do not belong to the scope of this paper.
As the possible targets are warhead, balloon and fragment,
the frame of discernment for the simulated MSTR is Θ =
{θ1(warhead), θ2(balloon), θ3(fragment)}. Based on the
setup of war situation, recognizing the category of the tar-
gets depends on the detection information of these three
sensors in the continuous time nodes, where the BPAFs of
each sensor’s detection information for the first five time
nodes from the simulation system are shown in Table 2.

5.3.1 Comparison of anti-interference ability

The results of temporal evidence combination by the
Dempster combination rule, temporal evidence combi-
nation based on composite reliability factor (TEC-CRF)
(method in [13]) and DSIFS-TECM are shown in Table
3, where RTRF in TEC-CRF and DSIFS-TECM is set as
e−0.05·Δt and Δt represents the time difference between
the adjacent time nodes.
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Table 2 Evidences of three different sensors at five different mo-
ments

Time/s BPAF S1 S2 S3

m({θ1}) 0.250 0.230 0.221
t1 = 5 m({θ2}) 0.299 0.306 0.350

m({θ3}) 0.451 0.464 0.429

m({θ1}) 0.619 0.598 0.635
t2 = 8 m({θ2}) 0.203 0.251 0.225

m({θ3}) 0.178 0.151 0.140

m({θ1}) 0.355 0.364 0.369
t3 = 16 m({θ2}) 0.266 0.246 0.236

m({θ3}) 0.379 0.390 0.395

m({θ1}) 0.337 0.318 0.392
t4 = 23 m({θ2}) 0.303 0.269 0.203

m({θ3}) 0.360 0.413 0.405

m({θ1}) 0.336 0.346 0.371
t5 = 26 m({θ2}) 0.312 0.305 0.228

m({θ3}) 0.352 0.349 0.401

Then, using the Dempster combination rule, the results
of spatial evidence combination that combines evidences

of different sensors at the same moment from Table 3 are
shown in Table 4.

From Tables 2 – 4, we can see that the simulation sys-
tem is disturbed at t2 = 8 s, resulting that the support of
{θ1} is bigger than that of {θ3}. With the addition of sub-
sequent detection information, all these three methods can
make the support of {θ3} increase. However, the Demp-
ster combination rule cannot recognize the correct result
until t5 = 26 s. As TEC-CRF and DSIFS-TECM consider
attenuation of evidence reliability in the time domain and
relative reliability between the evidences of adjacent time
nodes, they can recognize the correct result after t3 = 16 s
and before t3 = 16 s. The proposed DSIFS-TECM can
recover from the disturbed state quicker since it takes the
possible situation that the sensors may be disturbed by the
outside into account. In other words, DSIFS-TECM has
stronger ability of anti-inference, which plays an important
role in the real-life applications.

Table 3 Result of temporal evidence combination by Dempster combination rule, TEC-CRF and DSIFS-TECM

Dempster combination rule TEC-CRF DSIFS-TECM
Time/s BPAF

S1 S2 S3 S1 S2 S3 S1 S2 S3

m({θ1}) 0.250 0.300 0.221 0.250 0.300 0.221 0.250 0.300 0.221
t1 = 5 m({θ2}) 0.299 0.256 0.350 0.299 0.256 0.350 0.299 0.256 0.350

m({θ3}) 0.451 0.444 0.429 0.451 0.444 0.429 0.451 0.444 0.429

m({θ1}) 0.523 3 0.577 4 0.502 7 0.597 3 0.593 2 0.606 3 0.390 2 0.357 6 0.361 5
t2 = 8 m({θ2}) 0.205 2 0.206 8 0.282 1 0.203 5 0.240 6 0.237 4 0.250 9 0.287 9 0.316 2

m({θ3}) 0.271 5 0.215 8 0.215 2 0.199 2 0.166 3 0.156 3 0.358 9 0.354 5 0.322 4

m({θ1}) 0.541 2 0.608 8 0.550 3 0.370 2 0.379 4 0.385 3 0.382 9 0.374 8 0.384 7
t3 = 16 m({θ2}) 0.159 0 0.147 4 0.197 5 0.259 9 0.241 9 0.231 9 0.227 4 0.225 6 0.228 7

m({θ3}) 0.299 8 0.243 8 0.252 2 0.370 0 0.378 7 0.382 8 0.389 7 0.399 6 0.386 7

m({θ1}) 0.538 8 0.579 7 0.602 6 0.339 2 0.320 3 0.394 5 0.340 0 0.319 9 0.394 4
t4 = 23 m({θ2}) 0.142 3 0.118 7 0.112 0 0.298 4 0.263 7 0.198 1 0.296 4 0.262 7 0.198 0

m({θ3}) 0.318 9 0.301 5 0.285 3 0.362 4 0.416 0 0.407 4 0.363 7 0.417 5 0.407 6

m({θ1}) 0.536 1 0.586 5 0.615 0 0.336 6 0.343 7 0.376 9 0.336 7 0.343 7 0.376 9
t5 = 26 m({θ2}) 0.131 5 0.105 9 0.070 2 0.307 4 0.296 0 0.213 7 0.307 2 0.295 9 0.213 6

m({θ3}) 0.332 4 0.307 7 0.314 7 0.356 0 0.360 2 0.409 5 0.356 1 0.360 4 0.409 5

Table 4 Combinational results of Dempster combination rule, TEC-CRF and DSIFS-TECM

Dempster combination rule TEC-CRF DSIFS-TECM
Time/s

m({θ1}) m({θ2}) m({θ3}) m({θ1}) m({θ2}) m({θ3}) m({θ1}) m({θ2}) m({θ3})
t1 = 5 0.128 2 0.207 3 0.664 5 0.128 2 0.207 3 0.664 5 0.128 2 0.207 3 0.664 5
t2 = 8 0.860 7 0.067 9 0.071 4 0.927 5 0.050 2 0.022 4 0.441 3 0.199 8 0.358 9
t3 = 16 0.887 1 0.022 6 0.090 2 0.442 4 0.119 2 0.438 4 0.434 2 0.092 3 0.473 5
t4 = 23 0.865 2 0.008 7 0.126 1 0.357 5 0.130 0 0.512 4 0.356 8 0.128 2 0.514 9
t5 = 26 0.853 6 0.004 3 0.142 1 0.377 3 0.168 3 0.454 4 0.377 4 0.168 0 0.454 6

In order to make the upper analysis more intuitively,
Pignistic probability distributions of the three mentioned
methods are shown in Figs. 3 – 5.

In Figs. 3 – 5, BetP (θ1), BetP (θ2) and BetP (θ3) rep-
resent the support of {θ1}, {θ2} and {θ3}, respectively.
From Fig.3, we can see that BetP (θ1) decreases slowly
and BetP (θ3) increases also slowly after t2 when adopt-

ing the Dempster combination rule. At t5 = 26 s, the
value of BetP (θ1) is still larger than that of BetP (θ3),
and a wrong target {θ1} is recognized. In Fig. 4 and Fig. 5,
BetP (θ1) decreases quickly and BetP (θ3) increases also
quickly after t2 when adopting TEC-CRF and DSIFS-
TECM. Furthermore, our proposed DSIFS-TECM recov-
ers to the normal before t3, while TEC-CRF recovers to the
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normal after t3. These figures conform to our analysis be-
fore and can strengthen the conclusion that DSIFS-TECM
has stronger ability of anti-inference.

Fig. 3 Pignistic probability distribution of DS theory

Fig. 4 Pignistic probability distribution of TEC-CRF

Fig. 5 Pignistic probability distribution of DSIFS-TECM

5.3.2 Characteristic of dynamic

According to the calculation process, the Dempster combi-
nation rule does not take time into consideration. However,
the proposed DSIFS-TECM considers not only the rela-
tionship between the evidences at adjacent moments, but
also the reliability over time. In order to show the dynamic
characteristic of our proposed method, evidences at t2 and
t3 in Table 2 are exchanged, with results shown in Tables 5
and 6, respectively.

Table 5 Result of temporal evidence combination when t2 and t3
are exchanged

Dempster combination rule DSIFS-TECM
Time/s BPAF

S1 S2 S3 S1 S2 S3

m({θ1}) 0.250 0.300 0.221 0.250 0.300 0.221
t1 = 5 m({θ2}) 0.299 0.256 0.350 0.299 0.256 0.350

m({θ3}) 0.451 0.444 0.429 0.451 0.444 0.429

m({θ1}) 0.523 3 0.577 4 0.502 7 0.342 2 0.357 4 0.352 2
t2 = 8 m({θ2}) 0.205 2 0.206 8 0.282 1 0.261 7 0.237 1 0.237 6

m({θ3}) 0.271 5 0.215 8 0.215 2 0.396 1 0.405 5 0.410 3

m({θ1}) 0.541 2 0.608 8 0.550 3 0.499 7 0.620 3 0.524 1
t3 = 16 m({θ2}) 0.159 0 0.147 4 0.197 5 0.205 5 0.211 3 0.195 3

m({θ3}) 0.299 8 0.243 8 0.252 2 0.294 9 0.168 4 0.280 6

m({θ1}) 0.538 8 0.579 7 0.602 6 0.425 9 0.474 1 0.493 4
t4 = 23 m({θ2}) 0.142 3 0.118 7 0.112 0 0.238 6 0.219 0 0.151 1

m({θ3}) 0.318 9 0.301 5 0.285 3 0.335 6 0.306 9 0.355 5

m({θ1}) 0.536 1 0.586 5 0.615 0 0.385 2 0.422 1 0.448 2
t5 = 26 m({θ2}) 0.131 5 0.105 9 0.070 2 0.262 9 0.246 4 0.153 7

m({θ3}) 0.332 4 0.307 7 0.314 7 0.352 0 0.331 5 0.398 1

Table 6 Combinational results when t2 and t3 are exchanged

Dempster combination rule DSIFS-TECM
Time/s

m({θ1}) m({θ2}) m({θ3}) m({θ1}) m({θ2}) m({θ3})
t1 = 5 0.128 2 0.207 3 0.664 5 0.128 2 0.207 3 0.664 5
t2 = 8 0.860 7 0.067 9 0.071 4 0.348 1 0.119 2 0.532 7
t3 = 16 0.448 2 0.061 5 0.490 3 0.878 8 0.045 9 0.075 4
t4 = 23 0.865 2 0.008 7 0.126 1 0.691 2 0.054 8 0.254 1
t5 = 26 0.853 6 0.004 3 0.142 1 0.563 7 0.077 0 0.359 3

From Table 3 to Table 6, it can be seen that the result
got by the Dempster combination rule is unchanged when
the evidences at t2 and t3 are exchanged, and the result got
by our proposed method is changed. This phenomenon re-
flects that the combination result of our proposed method
can change along with time, satisfying the dynamic char-
acteristic of MSTR system. Meanwhile, this phenomenon
also shows that the Dempster combination rule only has
the characteristic of spatial evidence combination.

6. Conclusions

In order to enhance the ability of dealing with conflict tem-
poral evidences for MSTR system, DSIFS-TECM is pro-
posed. To realize the method, the relationship between DS
theory and IFS is analyzed, IFPD-IFV is defined, a novel
ranking method with isotonicity for IFV is proposed, and a
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calculation method for RRF based on the proposed ranking
method is designed.

Experiments show that DSIFS-TECM can handle con-
flicts in temporal evidences and has characteristic of dy-
namic, which reflects that the current combination results
in the MSTR system are inheritance and renewal of the
moment before. Moreover, when the MSTR system is
disturbed, experiments also show that DSIFS-TECM has
stronger ability of anti-interference.

Combination of temporal information is a complex engi-
neering problem, and lots of factors need to be considered
in the actual situation. Thus combining with other theories
is the direction to be studied in the future.
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