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Abstract: Multi-sensor monitoring is an important means to improve the accwacy of information. But the
fuzziness of monitoring information reduces the accuracy of fused information and affects the uncertainty of
decision-making result. Tt is a difficult problem that is still not well solved in the field of information fusion. In
view of this problem, this study proposes a multi-sowrce uncertainty information fusion method based on
amsotropic bivariate shrinkage, in which the complex parameter are regarded as multiple information. Supposing
the fuzziness coefficients of information are generalized fuzzy numbers which follows the zero-mean Gaussian
distribution, the multi-source information 1s fused by weighted fusion through processing the fuzziness of
mnformation with amsotropy bivariate shrinkage. Comparing with the other weighted fusion methods, the
method in this study 1s more precise and more reasonable for the fusion result, which increases the maximum
posteriorn estimation in the determination process of weighting coefficients. The fused information still has the
same properties as other parameters of system, so it can provide the guarantee for establishment of mapping
relations. Taking some momtonng mdexes of tailing dam-phreatic line as an engineering example, it shows that
the proposed method not only reduces the uncertainty of fusion result of phreatic line, but also makes the fused
information having the same properties with other monitoring indexes. Tt lays the foundation for the

establishment of possibility set-valued mapping between the raised method and the decision-making level.
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INTRODUCTION

Multi-source information fusion 15 an important
method to solve the redundancy and complementarity of
information, which can obtain more accurate results than
single source information (Zhao et al, 2013; Xu et al.,
2011). But the cognitive uncertainty of information,
namely the fuzziness is the important factor to cause the
instability  of
information having unreliability and uncertamty, which 1s

information and makes the fusion
caused by the objective factors, such as cogmtive
limitations,
recognition etc. Under the condition that the mformation
fuzziness carmot be completely avoided, the cut set and

environmental interference and human’s

the bivariate shrinkage function are used to de-fuzzy
process for the information and then two or more pieces
of de-fuzzy information are fused. It is hoped to reduce
the uncertainty of information. Also it lays the foundation
to lower the uncertainty of system decision-making and
improves its accuracy.

Weighted fusion method 1s the mam method of
multi-source mformation fusion, which has wide
application value in the  aspects of system
decision-making and multi-source information processing.
It becomes the concern focuses of experts and scholars in
the field of decision-making (L1 ef al, 2013; Mirkin and
Nascimento, 2012; Bragha et af., 2012). But the selection
and determination of weighting coefficient have always
been the focus and difficulty in the process of
decision-making and there is still no better solution.
Therefore, this study proposes a weighted fusion method
of multi-source wmcertamty mformation based on
anisotropic bivariate shrinkage. Assuming that the
fuzziness coefficients of information follow zero-mean
Gauss  distribution, anisotropic bivariate shrinkage
function is used to process the multi-sowrce information
and each weighting coefficients are calculated then
multi-source uncertainty information is fused. And a case
study 1s carried out with subjective assignment method of
weighted fusion so as to illustrate the rationality and
validity of the proposed method.

Corresponding Author: Xiaoxia Wang, School of Information and Commumnication Engineering, North University of China,
No. 3 Xueyuan Lu, 030051, Taiyuan, China



Inform. Techrnol. 1, 13 (1) 126-132, 2014

ANISOTROOIC BIVARTIATE SHINKAGE MOEDL

Anisotropic bivariate shrinkage function: Yin et al.
(2011a, b), Xing et al (2008) and Sendur and
Selesnick (2002) as the multi-source uncertainty
information can be regarded as an additive function and
the observation model can be shown as:
y=xtu ()
where, v 15 uncertainty information. u 1s fuzziness
coefficient of information. x 1s de-fuzzy mformation.
In order to extract the de-fuzzy information as
accurately as possible, there must be to get rid of its
fuzziness according to some standards. The uncertainty

suppression problem of Eq. 1 1s transformed into the
optimization estimation problem. X is obtained when:

sup ”x - :?(H
xeX

1s smallest. The maximum posteriori estimation in Bayes
theory is expanded to the possibility theory. The above
problems can be expressed as:

X(y) = argmaxm(x|y) 2

where, 1 (#) presents possibility distribution. With Eq. 1
and 2, the estimation value X (y) can be obtained as:

%(y) = arg max [m, {y - %), (%)] 3

where T, (y-x) and m, (x) are possibility distributions of
the fuzziness coetficient u and the de-fuzzy information x,
respectively.

Equation 3 is also equivalent to:

% (y) = arg max{log[m,(y - x)]+ log 7, (x)]) “)

Tt can be seen that the estimation value X (y) is
determined by x and u. Let the uncertainty information at
time t and t-1:

where, vy, x;, u, are uncertamnty information, de-fuzzy
information and fuzziness coefficient at time t,
respectively. v, X, 1, are uncertainty information,
de-fuzzy information and fuzziness coefficients at time t-1,
respectively.

Y =X+ (5)

Y, =X, +t1,
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Equation 5 can be represented in vector form:
¥,

M NEN

In the actual engineering monitoring, the sensor
information usually has certain fuzziness because of the

(6)

sensor’s precision and range, various wmterference of
external environment (such as mechanical noise and
electromagnetic wave) etc (Vivona and Divari, 2012;
Pal et al., 2013; Li, 2013). Assuming that the fuzziness
coefficient follows the (0, g,) distribution, the joint
possibility distibution function of fuzziness coefficient at
two adjacent moments is as follows:

(7

2,2

_[witu

1 [ 2o ]
2 u

™. ()= 2ng?

Because the uncertainty information that obtained by
the sensors at different time 1s independent and it roughly
follows the Gauss distribution at each time (Si et ol
2012).The expert decision-making 1s used to process the
fuzziness of mformation with the cut set level at two
adjacent moments. Supposeis X the value space of
de-fuzzy mformation y, and y, are the de-fuzzy
information for the cut set levels A, and A,, respectively.
Then, through the below method, the jomt possibility
distribution of de-fuzzy information can be obtained. The
detail is as follows:

. sensor nformation

Continuously record
v,* (ntimes) in the time At and obtain the mean value

M’ and the variance ¢':

SOINC

XY

n

0€JZLWFMYM

where, v,* 18 theth monitoring information:

M

(8

M’ and ¢’ are used to construct the distribution of
y.* which follows N (M, ¢®), if'

It can obtain the (9):
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7, (y,)= ©)

The expert decision-making method is used to
determine the cut set level Ain the Eq. 9. The
de-fuzzy treatment 1s carried out on the information
so as to obtain the mean M and variance o:

1
_ 21:1 ¥i

1

0:1/2121(yi—M)E/1

The normalization treatment is carried out on the
de-fuzzy information in the steps and let:

M (10)

Tt can obtain:

)

1

. (11)
N

(X)) =

Following the steps (1) ~ (1v), the process 1s carried
out on the sensor information at next time At and the
joint possibility distribution is as follows:

b ar

Ty (XI’XZ):

2n5,0,

where, x, and x, are the de-fuzzy mformation. g, and o, are
the marginal possibility variance of two adjacent de-fuzzy
information.

Substituting the Eqg. 7 and 12 into Eq. 4, the
calculation of partial differential equation on x, and x, can
be performed ,respectively:

(Y1 _5(1) X

2,

e ‘ (13)
S % (ko) +(}, /0, )

(y2_i2)=£_ 5\(2 (14)
o) o .J(:?(lfo'l Y +(k,/0,)

With Eq. 13 and 14, the followings can be obtained:
R bR+ ek rdk, re=0 (15)

Where:

128

o7 4 (F4+6Q-2Q"y,

Q=g Q-1

2
1

_ (@ -60+6)aly; + Qoyy; ~2(Q-1)' o}
Q-1'c;

c

4= (2Q-Moly! - 2Qalyy; —4(Q-Dayy,
Q-1y o

o O1Y o3y —200) v

(Q-1'a;

Changing the Eq. 15, the solution is obtained as
following:

o CheyToag)
1,1
’ 2
e N —Jiﬁ —4g)
2
5(1’3 + (_f2 + ‘\‘iz _4g2)
Ch ey
2

(16)

1,4

Where:
2
f1=E+ b——c-%—tn
243
b b t
fzzngIchrtD g1:50+(btrzd)/m

g =%°— (bt, —2d)/ fb7 — e+ 4L,

C

toz‘/,gﬂfﬁwjfgﬂ/a

2

c
=bd—4e——
P 3

3

2c
=c(bd —4e)—=—+ 4ce—b’e—d*
q=c( ) -

Because four roots in Eq. 16 are the solutions of
equation:
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therefore, the roots located in [0, y,) or (y,, 0] can meet
Eq. 13 merely and in the literature (Yin et al., 2011b), its
uniqueness is proved Thus, the anisotropy binary
contraction equation will be:

%, if 3%, e[0y,)k=1234
%=1%, if %, =(y.01k=1234 (17)
0 others
And the dead zone 1s obtamed:
Deadzone ={(y,,y,): 6, +0,¥; <20,} (1%)

In particular, when 0, = 0, = 0, Eq. 13 and 14 can be
written as:

E

V2! J (19)

U\/(’”‘l )2 + (5‘2)2

V2o, J
1)2 +

o(3,) + (%2)

o1+ =Y
¥yl 1+ =y, (20)
Because:

JE+x5 =0
the anisotropic bivariate shrinkage function will be:
— oo
Ny -
]
—— ¥, Whe]’l y: +y: 3
: —— v
% = Vv
when ,/yj +y <

Voo

a3

Voo

]

(21)

0

Parameter estimation:Tn order to obtain x,, the parameter
estimation needs to be carried out on the fuzziness
coefficient variance o, and the edge variance o, and o,
according to the prior knowledge. Assuming that the
fuzziness coefficients follow the (0, 0,) distribution, the
second-order central moment i1s used to estimate the
variance:

(22)
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From Eq. 5, the edge possibility varianceand can be
represented as:

where, 0., and 0,; are possibility variance of y, and y,,
respectively. Tt can be estimated through the below
method:

g, =max (5, —G,,0)

(23)

oy =max (o, -§,.0)

6’2

> ¥

n T
11 FirEla (i)

Z Yz

yia€la(ha)

(24)
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2

where, 1, and 1, are length of cutsetL, (A)) and L, (A,),
respectively.

FUSION ALGORITHM BASED ON ANISOTROPY
BINARY CONTRACTION

The steps of multi-source information fusion method
are as follows:

Step 1:  Analysis is carried out on the monitoring sensor
information and m the information {y,., Vot
of m sensors is, respectively obtained, where,
V.. shows the uncertainty information of mth
sensor at current time At and y,, shows the
uncertainty information of mth sensor in the
historic time At

Variance estimation §, and &, of de-fuzzy
information and fuzziness coefficient are
obtained with the method 1n section 2.1, where
vy=1,2,..,m

Equation 17 is used to carry out the anisotropy
binary contraction on m sensor’s information so
as to obtain |x,, (i, j)|, respectively

Step 2:

Step 3:

Step 4: Weight value of yth sensor information:
o ey D)
Step 5: Weighted fusion method 1s used to carry out the

fusion on each mformation:
T = oy () oK) m(xy,)  (26)

ACTUAL APPLICATION

In the actual moenitoring of tailing dam, the phreatic
line needs to use multiple sensors to carry out the
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Fig. 1: Jomt distribution curve of fuzziness coefficient
u=[u, uy]

monitoring comparing with the other indicators
(such as water level, dry beach length etc). In order to
have the same umcertainty with other indicators
information and provide the conditions for the
establishment of decision-making mapping
relationship, the phreatic line information must be

level

processed.

The method introduced in the 2nd section is used to
record m sensors in At = 20 sec time interval so as to
obtain the momnitoring data of phreatic line. The record 1s
made contimuously for 25 tunes and the records are
divided into 2 groups so as to obtain the information
{¥y1- Yoot of yth sensor. Where, y =1, 2, 3and y,,, y,, are
the data within 2 monitoring time interval, respectively.
The second-order central moment 1s used to carry out the
parameter estimation on the variance o, of fuzziness
coefficient and get, thus, the joint possibility distribution
of u=[u;, u,] is as shown n the Fig. 1.

The expert decision making method 1s used to carry
out the analysis on the 2 groups of information for each
sensor and implement the de-fuzzy treatment. Equation 19
15 used to carry out the parameter estimation on each
sensor information 0,,, 0,; so as to obtain &, , = 0.7, 4, ,
=08,06,,=0,,=075 0,,=085, 6,,=09. Thus, the
Joint possibility distribution of x, = [x,,, x,,] 1s as shown in
Fig. 2(a-c).

The anisotropic bivariate shrinkage 13 carried out
respectively on the three sensor information so as to
obtain [%, |, as shown in Fig. 3(a-c).

The weight value of each sensor is calculated so as
to obtain ¢, = 0.39, ¢, = 0.18, &, = 0.43.

0.35--

0.30
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Joint distribution
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Joint distribution

0.10- -

0.25

0.20

0.10~

Joint distribution

0.05

Fig. 2(a-c): JToint distribution joint possibility distribution
of x, = [%,1. X,2]. (&) 1th sensor, {(b) 2th sensor
and (¢) 3th sensor
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Fig. 3(a-c): Absolute estimation wvalues of the three
sensor information, (a) 1th sensor, (b) 2th
sensor and (c¢) 3th sensor
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Fig. 4: Information and fusion results of different sensor

Each information of sensor can be fused by Eq. 19
and the result 1s as shown in Fig. 4.

All these showed that the fusion method in this
study add de-fuzzy process and maximum posteriori
estimation. Comparing with other weighted fusion
methods, such as the fusion based on the distances
between evidences (Soleimanpour et al, 2008) and
fuzziness hierarchy analysis method (Li et af., 2013) etc.,
the multiple sowrce fusion method based on anisotropy
binary contraction has the following advantages:

In the de-fuzzy process, the accuracy of fusion
results 13 1mproved by lowering the uncertainty of
weighted value. The maximum posteriori estimation 1s
used to make the selection of weighted value
depending on the mformation amount provided by
the data and the fused results have more objectivity
and rationality

Fused mformation has the same properties as other
parameters information of system, namely all of them
have the uncertainty of fuzziness, random etc, which
provides the conditions for the establishment of
set-valued mapping of input level and decision
making level

CONCLUSION

The uncertainty information obtained by multiple
sensors 18 dealt with as additive operation, namely it 1s
composed of two parts, de-fuzzy information and
fuzziness coefficient. Under the conditions of assuming
that the fuzziness coefficient of information follows the
zero-mean Gauss distribution, a kind of multiple source
uncertainty information fusion method is proposed with
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anisotropic bivariate shrinkage function. From the
engimeering application, it can be learned that thus method
adds the de-fuzzy and the maximum posterior: estimatior,
which not only reduces the uncertainty of phreatic line
fusion result, but also makes the phreatic line information
after fusion having the same properties as other
parameters, such as reservoir water level and dry beach
length etc. Tt is convenient to the establishment of
mapping relationship in the decision making of dam risk.
Therefore, this method has more rationality and more
practicality.

ACKNOWEDGMENTS

This study 1s supported by the National Natural
Sicence Foundation of China (No.61171057), International
Office of Sharxi Province Education Department of Clhina
(NO.201110) and Graduate excellent innovation project of
Shanxi Province (No.20123095).

REFERENCES

Braglia, M., G. Carmignani, M. Frosolini and F. Zammori,
2012. Data classification and MTBF prediction with
a multivariate analysis approach. Reliab. Eng. Syst.
Saf., 97: 27-35,

L1, F., K K. Phoor, X. Duand M. Zhang, 2013. Improved
AHP method and its application m risk identification.
]. Constr. Eng. Manage., 139: 312-320.

L1, T., 2013. Fuzziness in systems modelling. Int. J. Gen.
Syst., Vol 42

Mirkin, B. and S. Nascimento, 2012. Additive spectral
method for fuzzy cluster analysis of siumilarity data
including community structure and affinity matrices.
Inform. Sci., 183: 16-34.

Pal, N.R., H. Bustince, M. Pagola, UK. Mukherjee,
D.P. Goswami and G. Beliakov, 2013. Uncertainties
with Atanassov's intuitionistic fuzzy sets: Fuzziness
and lack of knowledge. Inform. Sci., 228: 61-74.

132

Sendur, L. and TW. Selesnick, 2002. Bivariate shrinkage
functions for wavelet-based denoising exploiting
mterscale dependency. IEEE Trans. Signal Proc.,
50: 2744-2756.

Si, X.8., W. Wang, CH. Hu, D.H. Zhou and M.G. Pecht,
2012. Remaining useful life estimation based on a
nonhinear diffusion degradation process. IEEE Trans.
Reliab., 61: 50-67.

Soleimanpour, 8., S.5. Ghidary and K. Meshgi, 2008.
Sensor fusion localization using
DS-Evidence theory with conflict detection using
mahalanobis distance. Proceedings of the 7th IEEE
International Conference on Cybernetic Intelligent
Systems, September 9-10, 2008, London, UK., pp: 1-6.

Vivona, D. and M. Divari, 2012, Fuzzy Setting: Fuzziness

in robot

of General Information. In: Advances in
Computational Intelligence, Greco, 8.,
B. Bouchon-Meumer, G. Coletti, M. Fedrizzi,

B. Matarazzo and R.R. Yager (Eds.). Springer-Verlag,
Berlin, Germany, pp: 1-3.

Hing, S., Q. Xuand D. Ma, 2008. Speckle denoising based
on bivariate shrinkage functions and dual-tree
complex  wavelet  transform. Int  Arch
Photogrammetry Remote Sens. Spatial Inform. Sci.,
38:157-162.

Xu, 3, Y. Iiand C. Wen, 201 1. Information fusion method
for fault diagnosis based on incomplete fuzzy
rule bases. I. Nammg Univ. Aeronaut. Astronaut.,
43: 55-59.

Yin, S, L. Cao, Y. Ling and G. Tin, 2011a. Fusion of noisy
infrared and visible images based on anisotropic
bivanate shrinkage. Infrared Phys. Technol,
54:13-20.

Y, 5., L. Cao, Y. Ling and G. Jir, 2011b. Image denoising
with amsotropic bivariate shrinkage. Signal Process.,
91: 2078-2090.

Zhao, I, H. Feng, 7. Xu, Q. Li and T. Liu, 2013. Detail
enhanced multi-source fusion using visual weight
map extraction based on multi scale edge preserving
decomposition. Optics Commun., 287: 45-52.



	ITJ.pdf
	Page 1


