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Abstract
In the field of target recognition based on the temporal-spatial information fusion, evidence the-
ory has received extensive attention. To achieve accurate and efficient target recognition by the evi-
dence theory, an adaptive temporal-spatial information fusion model is proposed. Firstly, an adaptive
evaluation correction mechanism is constructed by the evidence distance and Deng entropy, which
realizes the credibility discrimination and adaptive correction of the spatial evidence. Secondly, the
credibility decay operator is introduced to obtain the dynamic credibility of temporal evidence.
Finally, the sequential combination of temporal-spatial evidences is achieved by Shafer’ s discount
criterion and Dempster’ s combination rule. The simulation results show that the proposed method
not only considers the dynamic and sequential characteristics of the temporal-spatial evidences com-
bination ,but also has a strong conflict information processing capability, which provides a new refer-

ence for the field of temporal-spatial information fusion.
Key words: temporal-spatial information fusion, evidence theory, Deng entropy, evidence dis-

tance, credibility decay model

0 Introduction

Dempster-Shafer (DS) evidence theory!'?’ | also
known as the belief function theory, is essentially a
generalization of Bayesian theory®’. Compared with
Bayesian theory, DS evidence theory can effectively
achieve the representation and processing of uncertain
information without prior knowledge'*'. In addition,
DS evidence theory can represent the stochastic uncer-
tainty information, the incomplete information, and the
subjective uncertainty information better. Therefore,
DS evidence theory can be applied to solve many prob-
lems, such as temporal-spatial information fusion.

The temporal-spatial information fusion technology
is a combination of temporal and spatial, which can
solve the problem of target recognition under complex
conditions that is difficult to be satisfied by a single
spatial or temporal information fusion technology.

During the development of temporal-spatial infor-
mation fusion technology, many related temporal fusion

]

methods have been proposed*”’. But they all ignored

the influence of temporal factors on the fusion results.

Therefore, some scholars have determined the discount
weight of historical moment fusion information from dif-
ferent perspectives. Song et al. '*' constructed a credi-
bility decay model by analyzing the characteristics of
temporal information fusion, which is an effective mean
to achieve the temporal information fusion. But it fails
to pay attention to the impact of spatial high-conflict in-
formation on the temporal-spatial fusion results, which
will lead to the deterioration of the anti-interference
ability of the model. Although some methods'*""’
ing can compensate for the shortcomings of the credi-

exist-

bility decay model to some extent, they still have a lot
of room for improvement. In addition, Li et al. """ con-
structed an optimization model for solving temporal
weights by quantifying the decision maker’ s preference
for the temporal order. But this method needs to be
performed after certain moments accumulation, which
does not reflect the real-time characteristic of temporal
information fusion. Refs[ 12,13 ] performed the assign-
ment of temporal weights by the ordered weighted ag-
gregation (OWA) operator and the visibility graph av-
eraging( VGA). However, the method only focuses on
the order of time nodes and ignores the impact that his-
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torical information brings to the current moment.

To solve the above problems, this paper proposes
an adaptive temporal-spatial information fusion method
based on the DS evidence theory, which mainly in-
cludes two steps. Firstly, the spatial fusion method
based on Deng entropy and evidence distance is estab-
lished. By considering the correlation between evi-
dences and the information volume of the credible evi-
dence, the conflicting information among the spatial
evidences can be effectively processed and a reasonable
spatial fusion result can be produced. Secondly, based
on the credibility decay model and Shafer’ s discount
criterion , the historical cumulative fusion information is
discounted, which is combined with the spatial fusion
result at the current moment by Dempster’ s combina-
tion rule. This method can obtain atemporal-spatial fu-
sion result with high accuracy because it follows the se-
quential nature of the temporal information fusion.

The other sections of this paper are organized as
follows. Section 1 introduces some basic concepts.
Section 2 proposes an adaptive temporal-spatial infor-
mation fusion model based on the DS evidence theory.
Section 3 discusses the rationality and superiority of the
proposed method through a simulation. Section 4 sum-
marizes this paper.

1 Preliminary

1.1 DS evidence theory

If there is a set @ = {9, ,0,,6,,---,0,} that con-
sists of u mutually exclusive elements, then @ is called
the frame of discernment (FOD). The power set of @
constitutes a set containing 2% elements, denoted as 2°

= {011621"'99u,01 U02,---,@,4)}.
For A e 2°, if the mapping m: 2° —
(0,11 satisfies the following conditions.
m(b) =0 (1)
IE: AEZOnl(/i) = 1 (2>

where, m is called a basic probability assignment
(BPA). m(A) is the belief value assigned to the prop-
osition A . When m(4) > 0 , A is the focal element of
m . The vector form of m is denoted as m.

Assuming that two different BPAs m, and m, ; A, ,
A,,---,A, and B,, B, ,---, B, represent the focal ele-
ments of m, and m, , respectively. The combined BPA
is denoted by m . Then, Dempster’ s combination rule
is denoted as

0 A=d
m(A) = ZAPM(I:AmI(AP)mz(Bq)
1-K

A#*P
(3)

where , K = Y, , MADm (B (p = 1,2,

4,08, =
o ky g =1,2,--,1) is the conflict coefficient repre-
senting the degree of conflict between evidences. The
larger the value of K , the greater the degree of conflict
between evidences.

Assuming that m(4) is a BPA defined on @ , the
Pignistic probability transformation BetP,, :2° — [0,11

is denoted as
BetP, (§) = Y,

where, | A | is the cardinality of the set A.

m(A)

ACO,6,e4 ‘A ‘

(4)

1.2 Evidence distance
Peng et al. "' proposed a method to measure the
distance between BPA functions. Letm, and m, be vec-
tor forms of BPAs m, and m, in the same frame of dis-
cernment. Then the distance between m, and m, can be
defined as
mdyp, (m, ,m,) =
J(ml ;m) + (my,m,) =2(m;,m,)

(my,m;) + (my,m,)

(5)

The greater the distance between evidences, the
greater the difference between evidences.

1.3 Uncertainty measure

To measure the uncertainty of BPA, some scholars
introduced the Shannon entropy. Based on the Shannon
entropy, Ref. [ 15] proposed the Deng entropy, de-
fined as

m(A
E,(m) =- z:AQ')m(A)log2 2‘/1(‘7_)1

(6)
1.4 Credibility decay model

For the sequential character of the temporal infor-
mation fusion, Ref. [ 8] created a credibility decay
model by combining the Markovian property with the
evidence discount theory. Let | G, om0, G,y ,m,),

(G m")} be the BPAs of n evidences obtained from

n

time nodes ¢, ,:++, t,,-*-, t, and g be the Dempster’ s

RS
combination rule. The dynamic combination result
S Gm, ,m,,--+,m, ) of n evidences using the credibility
decay model can be denoted as
j; (n1|’n12’...’nln) =
g( (g (mtll( 1’2),m2 )a(2,3), ceem

)a(n—l,n)mn)
(7)

where , t, and m, are the time point at which evidence is

» "n

n-1

collected and the BPA at that moment, respectively.
The dynamic credibility a at ¢; of the BPA m; obtained at

t; is defined as
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—A(/i,ij)
e (8)
A e [0,In2]

2 The proposed adaptive temporal-spatial
information fusion model

With the increasing complexity of the target recog-
nition scenarios, the recognition information obtained
by a single sensor at a single moment is often not accu-
rate. To ensure the target recognition accuracy, the
temporal-spatial fusion of the recognition information is
often required. Therefore, a new adaptive temporal-
spatial information fusion model is proposed. The spe-

cific process is shown in Fig. 1.

Current moment
environment

Sensor-S; Sensor-S, Sensor-S, |
¥ ¥ i
Generate the correlation coefficient
of evidence SIMx

Generate the correction factor Generate the

of crcdlbl]c cevidence correction factor of
incredible evidence

Cumulative fusion result
at the previous moment

! Normalize welghls to pre-
process eudences
credibili
credibility Combine ev ldemes by the
‘ Dempster’ s wmbmauon rule

Calculate the dynamic |

Time Discount the cumulative
delay fusion result

[

Obtain the spaual fusion result
at the currenl moment

Combine ev 1dences by the
Dempster’s com bination rule

¥

| Obtain the temporal-spatial fusion

result at the current moment

e

Yes

Output the final temporal-spatial
fusion result

Fig.1 Temporal-spatial fusion method based on adaptive

processing strategy

2.1 Support coefficient of the spatial evidence
Assume the multi-sensor system has n heterogene-
ous sensors; S;, S,,=+, S ,+, S, (x = 1,2, ,n).
Multiple sensors perform target recognition at ¢, and the
recognition information is converted into the BPAs m. ,
Zeeml e where m} is the BPA obtained by

n
m; ,

m
the sensor S, at ¢, .
Step 1
mll ,m? ,oe,m
t

For the updated information sequence
Tyee,ml e m) acquired by n sensors at
., they are viewed as n spatial evidences. The degree
of correlation between the spatial evidences is obtained

by
rel(m?,m?')z 1 —mdw,/l(m?’m';') (9)

where rel (m? m!)(x,y =1 n) represents the

2,

<y

similarity between m; and m} .
Step 2 The similarity matrix is represented as

1 -+ rel(m! m")
RC=| 1 o
rel (m? m!) - 1

Step 3 The support coefficient Sup_ of the spatial
evidence is expressed as

Sup, = 2 :zlﬁé}vrel(mj’,mg') (11)
Step 4  The correlation coefficient SIM_ of the

spatial evidence is defined as
Sup,

n

SIM, = (12)

Sup,

=1

Step 5 Set the threshold 6 . And distinguish the
credible evidence from the incredible evidence based
on the support coefficient Sup, of the evidence and the
threshold & .

S = anlgz)XSupx (13)
If Sup, > 0o,

wise, it is incredible.

the evidence m; is credible. Other-

2.2 Correction factor of the spatial evidence

Step 1

tion volume is introduced to obtain its correction factor:

E EqCmy>

CF, = (1 B (z(m )) ~Tlogal0 (14)
log,10

Step 2 For the incredible evidence, its eviden-

For the credible evidence, the informa-

tial correlation coefficient SIM is regarded as the cor-
rection factor. The normalized correction factor is de-
noted as

e (15)
2. CF,
Step3  Weight the spatial evidences according to
the normalized correction factor w, and generate the
pre-processed BPA function m,’

= Y e xmi D (16)
Step 4 The pre-processed evidence m,’ is fused
(n = 1) times by Dempster’ s combination rule to ob-
tain the multi-sensor spatial fusion result m, at ¢, .

2.3 Temporal-spatial evidences fusion

Assume D m,, D m,,---, D m,_, are the cumula-
tive fusion information at the historical moments ¢, , 1, ,
“+,t,_, , respectively.

Step 1

credibility factor o of the cumulative fusion result

On entering the next moment ¢, , the
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@® m,_, at i, can be calculated by Eq. (8).
Step 2 The cumulative fusion result & m,_, is
discounted by Shafer’ s discounting criterion
am,;  (A) A#@(17)
l-a+am_(4) A=0
Step 3  Combine the discounted result & m; ,
and the temporal update evidence m, at ¢; by the Demp-

m; , (A) = {

ster’ s combination rule. The final result is the cumula-
tive fusion evidence © m, at i, .

3 Simulation results and analysis

The example presented in Ref. [ 16] is applied to
verify the feasibility and effectiveness of the proposed
adaptive temporal-spatial information fusion method in
this paper. In this simulation, A is taken as 0. 05 and
@ is taken as 0. 143.

In this simulation, there are six heterogeneous

sensors S, ,S,,5,,5,,5s and Sy , which are assigned to
collect the target recognition information at each time
point. The collected target recognition information is
independent of each other and is transformed into the
BPAs. There is a frame of discernment constructed
from the targets 6, (Bullet), 6, (Balloon) and 6,
(Fragment) , denoted as @ = {6,,60,,6,] . And the
BPAs for target recognition formed by multiple sensors
at different moments can be seen in Table 1.

3.1 Spatial evidences combination

From Table 1, the presence of the sensor S leads
But the sen-
sors §,,5,,5;,S5,,5, all give larger support to the target
10,5 att, .
should be the target {g,} . Obviously, from ¢, to ¢ ,

to a large conflict among evidences at ¢, .

Therefore, the result of target recognition

there is a low conflict among spatial evidences.

Table 1 BPA for target recognition formed by different sensors at each time node
BPA
Time point/s
BPM S, s, S, S, S, S,
mCg, 1 0. 2500 0. 3000 0.2210 0. 3330 0. 6290 0. 3050
6, =5 mC{,3 0. 2990 0. 2560 0. 3500 0. 2730 0. 3520 0.2120
mCig, 0. 4510 0. 4440 0. 4290 0. 3940 0. 0190 0. 4830
mCg, b 0. 4400 0. 6280 0. 4350 0. 3480 0. 6420 0. 5300
t, =8 mC{e,3 0. 3230 0. 1360 0. 3250 0. 2620 0. 2520 0.1180
mCig, 0. 2370 0. 2360 0. 2400 0. 3900 0. 1060 0. 3520
mCLg,3) 0.2510 0. 4540 0. 2690 0. 4600 0. 6230 0. 1240
t, = 16 mCig,3) 0.2760 0. 2360 0. 3360 0.2150 0. 1420 0. 4200
mCig, 0. 4730 0.3100 0. 3950 0. 3250 0. 2350 0. 4560
mCLg,3) 0. 3370 0.3180 0. 2620 0. 2460 0. 4350 0.3120
t, =23 mCi6,3) 0. 3030 0. 2690 0.2030 0. 2620 0. 2590 0. 3420
mCig, 0. 3600 0.4130 0. 5350 0. 4920 0. 3060 0. 3460
mLo, 1> 0. 3360 0. 3460 0.2410 0. 3680 0. 3300 0. 3030
ts =26 mC{g,H 0.3120 0. 3050 0. 2580 0. 2620 0.3010 003910
m g, 0. 3520 0. 6490 0.5010 0. 3700 0. 3690 0. 3060

The spatial fusion results of the BPAs in Table 1
obtained by the Dempster’ s combination method, the
method in Ref. [ 16 ], and the proposed method are
shown in Table 2, Table 3, and Table 4, respectively.
The spatial fusion results show that all three methods
can obtain fusion results consistent with the intuitive a-
nalysis from ¢, to ¢5 . Because there is a low conflict a-
mong spatial evidences from ¢, to ¢ . In comparison, it
is found that the support for the target obtained by the
proposed method is higher. However, if there is a large

conflict, such as the sensor S; at ¢, , the Dempster’ s

method generates the wrong recognition result {g, } .
The method in Ref. [16] and the proposed method
both give high support for the target {¢,} , which dem-
onstrates the ability of the proposed method to handle
the conflict existing in spatial information.

3.2 Temporal-spatial evidences combination
According to the spatial fusion results, BPA at ev-

ery moment except £, has greater support for the target

16,7 . Therefore, the final identification result should

be the target {g,} . For comparison and analysis, the
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Table 2 Spatial fusion results obtained by Dempster’ s combi-

nation rule
Time point/s mC{6,5) mC{6,5) mCig,3)
t, =5 0.5529 0.2850 0. 1621
t, =8 0. 9489 0.0377 0.0134
t; =16 0.3216 0. 0829 0. 5955
t, =23 0.1715 0.0703 0.7582
ts =26 0. 2365 0.1737 0. 5898
Table 3 Spatial fusion results obtained by the method in
Ref. [ 16]
Time point/s m({6, 5 mC{6,3) m(16,3)
t, =5 0.2322 0. 1299 0. 6379
t, =38 0. 9509 0.0189 0.0302
t; =16 0. 4425 0.0993 0. 4582
t, =23 0. 1951 0. 0920 0.7129
ts =26 0.2546 0. 1956 0. 5498

Table 4  Spatial fusion results obtained by the proposed method

Time point/s ~ mC{g,3)  mC{a,})  mC{g»
=5 0.1017 0.0728 0. 8265
t, =8 0.9775 0. 0077 0.0145
t, =16 0.2412 0. 1094 0. 6494
t, =23 0. 1628 0. 0639 0.7733
1 =26 0.2415 0. 1668 0.5917

temporal-spatial cumulative fusion results obtained by
different methods at each moment are given in Table 5.
From Table 5, it can be seen that, due to the system
perturbation at ¢, , the cumulative fusion results ob-
tained by different methods give higher support for the
incorrect target {¢, } than the correct target {g,} . And
starting from ¢, , the recognition system recovers from
the perturbation and the support for the target {g,} by
each method is improved. In contrast, the proposed
method can recover from the disturbance state too
quickly and generate the highest recognition accuracy
atts; , because it takes into account the adaptive cor-
rection of spatial evidences as well as the credibility
decay of historical evidences.

The trends of the Pignistic probabilities over time
obtained by Dempster * s method, the method in
Ref. [8], the method in Ref. [ 16 ], the method in
Ref. [12], and the proposed method are shown in Fig.
2 to Fig. 6, respectively. In Fig. 6, there is the
BetP, (9,) > BetP, (9 ) > BetP,(g,) , except att,
when there is a strong perturbation. And the support of

the proposed method for the target {g,} is significantly
greater than the target {g,} at 1, . This indicates that
the proposed method can converge faster and focus on
the correct target faster when the sensors recover from

the perturbation.
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the method in Ref. [ 12] at each moment



HIGH TECHNOLOGY LETTERSIVol.29 No. 4|Dec. 2023

363

1.0
09
08 |4 A N

0.7

= BetP ({6}

126 P o BeP ({6))

g os A BetP.({6))
0.4
ias
03
0.2
-
0l|s . .
0.0 2 =
T6 8 10 12 14 16 18 20 22 24 26 28
/s
Fig. 6  Temporal-spatial fusion results obtained by the

proposed method at each moment
4 Conclusions

In order to realize the target recognition based on

the temporal-spatial information fusion, an adaptive

temporal-spatial information fusion method is proposed
in this paper. Firstly, the evidence distance and the
Deng entropy are introduced to measure and correct
spatial evidence,thus generating the updated evidence
at the current moment. Secondly, combined with the
credibility decay model, the historical cumulative fu-
sion evidence from the previous moment is discounted
in the temporal system. Finally, the temporal-spatial
information fusion is achieved by combining discounted
historical evidence with updated evidence. The simula-
tion results show that the proposed adaptive temporal-
spatial information fusion method is based on the char-
acteristics of information inheritance and can update in
temporal information fusion. In addition, the method
has strong anti-interference ability.

Table 5  Temporal-spatial fusion results of different methods

Temporal-spatial fusion results

Method
t, =5 t, =8 t; =16 t, =23 ts =26
m({g 3> =0.2322 m({g 3> =0.9105 m(£g, 3> =0.9150 mC{g 3> =0.7512 mC<{p 3> =0.5835
Dempster' " m(£g,3> =0.1299 m({g,}> =0.0101 m(<£g,3> =0.0023 m({g,}> =0.0009 mC<{g,}> =0.0005
m(£9,3> =0.6379 m({g,}> =0.0794 m({g,3> =0.0827 m({g,}> =0.2480 m({g,3> =0.4160
m(£g 3> =0.5529 m({g 3> =0.9653 m({g 3> =0.4567 m({g 3> =0.1727 m(Lg, 3> =0.1442
Method in Ref. [8] m(£{g,3> =0.2850 m({g,}> =0.0270 m(£g,3> =0.0673 m({g,}> =0.0520 m(<{g,}> =0.0815
m({g,3> =0.1621 mC{g,}> =0.0077 m(£g,3> =0.4760 m({g,3> =0.7753 m({p,3> =0.7743
m({g 3 =0.2322 m({g, 3> =0.9414 m({p 3> =0.6570 mC{g 3> =0.4241 mC{g, 3> =0.2903
) m(£g,3> =0.1299 m{g,}> =0.0168 m({g,}> =0.0360 m({g,}> =0.0445 m(<{p,}> =0.1275
Method in Ref. [ 16]
m({g,3> =0.6379 mC{g,}> =0.0418 m({g,3> =0.1466 m({g,}> =0.3610 mC{g,3> =0.5823
m{@®}) =0 mC{@} =0 m({@3) =0.1604 mC{@}> =0.1704 m{@®) =0
m({g 3> =0.5529 m({g 3> =0.9760 m({g 3> =0.6845 m({g })> =0.2324 m({g, 3> =0.1982
Method in Ref. [12] m({9,3> =0.2850 m({g,3> =0.0200 mC{g,}> =0.0383 m({g,3> =0.0497 m({g,3> =0.1253
m({g,3> =0.1621 m({g,}> =0.0040 m(£g,3> =0.2772 m({g,}> =0.7178 m(<{p,}> =0.6765
m({g,3) =0.1017 m({g, 3> =0.9562 m({g,3)> =0.3580 m({g, 3> =0.1483 m({g, 3> =0.1383
Proposed method ~ m({g,3) =0.0728 m({g,}> =0.0074 m({g,}> =0.0911 mC{g,3> =0.0469 m({g,}> =0.0761
m({g,3> =0.8256 m({g,}) =0.0364 m({g,3> =0.5509 m({g,})> =0.8048 m(L{g,3> =0.7856
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