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Abstract ;

In this paper, a multisensor distributed information fusign,state<«stim Iscrete time
stochastic linear systems with random sensor errors is.presented, B n state-space
model, the white noise estimator and the observatio dicter are aw in this algorithm.
Modern time series analysis method and Gevers- @ s(G-W W m are also used in
this paper. The algorithm can deal with the filtering, oothing%d rediction problems via
a unified method. In order to improve the estifpation accur the multisensor distributed
information fusion method is adopted, whi(Qx ulates th ighting parameters with the
forms of matrix, diagonal matrices and respec , in the sense of linear minimum
variance. Among those three kinds of fasip meth ethod weighted by matrix has the

highest accuracy but more com§u while t e weighted by scalar has the lowest

accuracy but less computation. lation ple for a typical tracking system with 3-

sensor shows the correctness, ity % ious difference among three kinds of the
fusion algorithms. \

Keywords: distribu ormati fusion; the linear minimum variance; the state
estimator; randoms\ rror§6 -Wouters algorithm

1. IntroduQ 6@

The state estimatio chastic systems with unknown inputs, disturbances and biases
can be widely appli ontrol, communications, signal processing, and fault diagnosis. If
we cannot detect olate the disturbances and biases effectively, they may cause the loss
of personnel and“ardduction. If the size and symbol error show certain systematicness or
according %ﬂain rules of change, this kind of error is called the system bias [1]. The
system d 10n has great effect on the observation results. So the system bias should be as
far as &e to eliminate or restrict to a minimum. Systems with system bias and sensor
eyfors t extensively in the field of control, communication and signal processing. The
es 1’ ion problem with system bias and sensor errors, the original literature presented using
two sections of Kalman filtering technique to deal with the estimation problem of the
unknown constant bias [2]. Then, the algorithm is extended to the filtering problem of random
deviation. Separating stochastic bias two-stage decoupled wiener filtering using modern time
sequence analysis method is presented [3].
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By the noise signal to seek the true signal or a state valuation is called estimator or
filtering. Multisensor information fusion in the military has become one of the most active
research methods. In last decades, the application field of information fusion technology has
increased widely. Its field includes guidance, GPS, defense, medical, integrated navigation,
target tracking, robot technology, communications and signal processing [4]. One of the
purposes of the fusion estimation is to combine the local estimation to obtain a fused
estimation. And the estimation accuracy of the fused estimation is higher than any of the
single local sensor. The other purpose of the fusion estimation is to fuse the local observation
equations in order to obtain a fused observation equation. Further we use the fused
observation equation to get a fused estimation. Also, the fusion estimation precision valuation
is higher than that of any single sensor [5]. Since the 1970s, the estimation precision of the
single sensor is difficult to meet the demand in many fields. For example, in the*ie‘l‘d{of
remote guidance weapon and the typical track system needs to improve the?k ion

efgro

precision. The estimation with the single sensor cannot meet the need. re, the
concern

multisensor information fusion technology is presented. And it causes the exte
of the academia. Also, it receives wide attention in the f| engine ication. For
the sake of improving the accuracy of estimation for the s te nd , It is essential

8]. As the multisensors can provide more informat time a , the research of the

to use multiple sensor information fusion technolog@ eight much r information [6-
state estimation and input estimation for the sy é mportant nmg both in theory and

engineering practice [9-13].

In this paper, state estimators welgh atrlx d| al matrices and scalars for
discrete time stochastic linear systems errors are presented. The random
sensor errors are considered flrstly an d e fused filtering, smoothing and
prediction estimation in a unifie he algo is under the linear minimum variance
sense, the optimal mformauo@ rlterw elghted by matrix, diagonal matrices and

and

scalars. Matrix, diagonal matric ight the accuracy of above three kinds of
weighted fusion filtering frotr_high to I&t the computational burden is on the contrary.
Fusion filtering Welg matrixh large computational burden, and weighted by
scalars with minime putationabarden, and it is suitable for real-time applications. A
simulation exampleniog “the typ\@ k system with 3-sensor shows the correctness and
validity of traiffimg\ANd sm@m results show no significant difference between the three

rithm. So a fast information fusion estimation algorithm is

presented.

The main structu this paper is as follows: Problem formulation is given in
Section 2. The optimal state estimator is obtained in Section 3. In Section 4
distributed infofpation fusion optimal state estimator is presented. A simulation
example -sensor is given is Section 5. In Section 6 the conclusions of this paper

are giveno
m Formulation

nsider the multisensor discrete time time-invariant stochastic linear system with
process errors and measurement errors

X(t+1) = Ax(t) + T'w(t) @
2,() = H x(t) +v,(t) + e, (1) 2
e (t+)=e ()+& (1), j=1",K 3
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where x) e Rr"is the state of the system, y ()< r™ is the measurement of the jth sensor
subsystem, a,r,+ is the suitable dimensional matrix respectively, e )< rR™ iS sensor errors.
e, j=12,,k are independence white noises with zero mean, and they and w)<r",
v,meRrR™, j=1, k are independence. And the subscript j is the jth sensor of all the sensor, K

is the number of sensor in the system.
Assumption 1 wwyer"and v,y r™, j=1,- .k are correlated white noises with zero

mean:

Tw(t)] Q, s,1 TQ, s
EJ\ [[w' ) v?(k)]L\ S D S R 4)
(LViD)] LS Qi) LS QY

where the superscript T is the transpose, e is the expectation, s, =1, s, = o(t = k) . \/‘
Assumption 2 The system in this paper is completely observable, that@v
rankQ, =n. Q,=[H .(H®) " .(H® (5)
where g isthe itn sensor system observability inde@ tem |s c tely stable.

Assumption 3 The initial time ¢, = -«
State estimation problem is based on the mea@sment(w z,(t+ N -1),7"), to obtain the
linear minimum variance state z (tjt+n). ¢= For n =0 N >00rn <o, we named it as

state filtering, smoothing or predictor. @er dist l@optimal information fusion state
estimation x,(t|t+ N) is obtained, it co f wei cal state estimators.

3. Local Optimal State B&&ator %

For the system (1)~(3), @an get thb& ing augmentation system

\\Q m%n = A, () + T W (1) (6)
Q @Iia,(mv,(t)v =17 K (7
where O 6

[ x(t)] w1 - A o1 T r o,1 _
az(t)—\X NE %W y A = | I, r, =] \,H:[HJ |m‘] (8)

e Lf (t)j O N ] ’

The state*.is the firstly nth components for the system (6) and (7), so the original
problem ts to the distributed fusion state estimator problem for the system (7) and (8).
The sy, oise w (1) and observation noise v () are correlated, and

rw,ml -
SEERE

% )
5o

i

5y (9)

whereq; -0, -diag(Q,.Q.), Q; =diag(Q,.0), s, =[5}, 01", j=i.
From (6) and (7) having

2,()=H,(I,-q AT g7W,(t) + v, (1) (10)
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where ¢ is the lag operator for the unit, introducing left decomposition

H (1 -a'e ) r gt = A @B @) (11)

]

where A" and 8!(q*) iS matrix polynomial, it is shaped as x (g ) =x"+xg "+

0

cexPq e and A =08 <o, letting x ) = (x V@
Substituting (11) into (10) yields
Az ) =B (w0 + AP (g (1) (12)

For (a”(q ), 8 (q ™ is left and Assumption 1, yielding the ARMA innovation model
A Az, = D (a e (1) 8

where innovation - (1)< rR™ is white noises with zero mean, and its covariance,i Q?D~ @h
is stable, o = 1_, and having

D (g e, (1) = B (a )W, (1) + A (g™ \Q* & (14)

pa M and o, are computed through G-W algorlthQ \/
Lemma 1[14] For the system (6) and (7) unokbe ssum the state *® has the

non recursive expression

a(t)—zg“’[z (t+|)]— Orw(‘&\@uu)] (15)

where ! = o(i<0) andr=o. @ ey
6 (J) , Q(J) (16)
where o, is defined by 'Q@n rec§/ timal state estimator can be calculated as

(t|t+N)— (t+||t+N W (et N) =V (it N a7

Lemma 2 rthe S QRS) and (7) under the Assumption 1-4, White noise innovation
filtering and State filtegi pectively are as follows

@ 6,(t1t+N)=L%(a e, (t+ N 0=w,y, (18)
‘ l 6,(t1t+N) =LY (@AY @)DV @ )z, (e N) 0= w,y, (19)

having ps exchange

% D@ HA @ =A@ HD e (20)
meaSrement predictor can be calculated

2,(t1t+ N) =39 @ DV (@ Nz, (t+ N) (21)
where 37 (¢ is obtained by Diophantine equation
V(=€ @HAY@ ) a3 @)ix0 (22)

Ei‘”(q’l):l . E(”q T EI(Jl)q (i-1) (23)
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3@ =0"(@ e i<o0 (24)
Ji(”(q'l)=Jo‘j)+J1‘j)q'1+"'+J:j‘)q7"", n, =max(n, -1,n, — i) (25)

Defining
L(N”H 71 ZA(M 11 " N,N >0 (26)

L@ =0,N<0
measurement predictor error is shown as

Z,(t1t+ N) = ED (@ e, (1) (27)

Lemma 3[14] The following formula is established
E[W, (e (k)= 40" 4" =@ F s 6", Elv,()e] ()] =47 4" =, 6% (28)

The £ and ¢ can be computed as @
EO _ —D(')F,(i) .. D"’F"’$ @ (29)
G"=_pWGM _- —. + A(')x (30)

Theorem 1 For the system (6) and (7) unde Assump asymptotically stability
state estimator in a unified form is as foIIost
a (t|t+N) )D“’ Y

(t +N) (31)

Defining polynomial matrix k (" [é 5\\

KLJ)(q ) = ZQ(J) b Hd;\%(N”V:(q )A‘” )_ (Nj)vl,(q )A(”(q ) (32)
§ recursive form

Letting o' = 0(i<0) b . It has
(q*) ~ k(@ Hadip P(a Yy, (t1t+ N) (33)

Proof: s‘ g ( 9) 1) into (17) yields (31) and (32). Then Substituting
DD(g™) = adj B Yy / det |nto (31) yields (33). Due to detp(q ') =detp(q") , the
stability of o) le D"(q " is stable. So (31) and (33) are asymptotically stable. The

@ (t]t+N) = (t1t+N) has the following expressions

Bi-2 -1

a. Jtt+N) = 2 QM (t+|)—z v, (t+|)+ZQ(”s (t+i) N >0 (34)

proof is complet@
Theore E system (6) and (7) under the Assumption 1-3, estimation error

%re defining n, = max(s, -1.n), 2 is obtained by the merger of similar coefficient
matrix.

Bi-2 Bi-1 n
atIt+N) =Y QW t+ N-F @+ D+ Y Qs t+ N +1+ ), N<0 (35)
j=0 j=0 j=0

Where definingn, = (5, -2-n), 2 is obtained by the merger of similar coefficient matrix.
(34) and (35) can be expressed as a unified form

Copyright © 2014 SERSC 5
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@ (tit+ N)=zn:[(2fj)wv71(t+i)—Qf”vJ(t+i)+Q:”°eJ(t+i)], N>0 (36)
a(tlt+ N)=i[Q('”Wv7i(t+ H-0 i+ )+ Qe (te N +1+ )l N <0 (37)

j=0

And lettinga ™" = o> 5, -2), P =0(i>p,-1).

Proof: (15)minus (17), and Substituting (18) and (27) into it , then mergers similar items,
(36)and (37) are obtained. The proof is completed.

Theorem 3 For the system (6) and (7) under the Assumption 1-3, estimation error
covariance p,(N)=E[a,(t|t+ N)a (t|t+ N)] IS given as

o ;—Qw"é‘rs Sj5rs As r —IFQ(SJ)wT 'S

- (hw 0 (e | ot (v, || (J)T‘
PN =3 T [o o of ]‘ S L 38)

r=05=0 ‘A“)W‘T A(j)v‘T Qs w\gij)cTJ

[ Hres r-s #i%rs |
( 7]

- ||—Q(s .

| (i
N+lts—r I| 7 N <0 (39)

r=05s=0

[ Qso.  So, \ g
L (iw )] (y o T W
R-T x[af el o]l s, “’Q‘ Y
(hw,T Q
|_AN+1+r—s s Qe.j\w J

the cross covariance p,(N) = Efa, (tt+ N)a! (t|t+ N@atween al%two ocal sensor is computed
& O oo
r S5 (D
oot . el \ RS @
P”(N)=ZZ[Q£.)W _Q(rl) Q?)cﬂ . % ”"(r,s)
iw, veT r e i

r=0s=0

T

_— R |

PN =Y Y [of -af Q‘r"®sfars N TE(N +1es) X } —Qr } N<o (41)
r=05s=0 A(UW.T v L SN 41 N+l | LQ iy J
0\ I Nmr%(r, +1+71) G (N+14T N +145) .

& NQ Heo-ginr et “)
O @ =ew-umreos 43)
s 7 Qy FUL + Y s 6l + 36 s R + Y 6", 6.0, (44)

k=0 k=0 k=0

Proof: (36) an(@ the simplified expression
. [w(t+r)]

% a,(tits Ny =Y [P —o!? Q‘r”c]lvl(t+r)l, N >0 (45)

Lgi(t+r)J

O , [ow(+r) ]
@ atit+N) =Y oM -of g?”]} v(t+r) I N <0 (46)
]

e |_gi(t+N+1+r)

Thus by (9) and (18), with the Assumption 1, (38) ~ (44) is obtained. The proof is
completed. The proof is completed.

4. Information Fusion Optimal State Estimator

Theorem 4 The optimal fused state filtering 4, (t1t+~) in the linear minimum variance
sense is given as [14, 15]

6 Copyright © 2014 SERSC
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Go(tIt+N) =Y a (N)d (t|t+N) 47

The optimal fusion weight according to the different weighted fusion algorithm has
different calculation formula is as follows.
When weighted criteria are weighted by matrices, the weighted coefficients are

a(N)=[a,(N)," ,a (N)]=(e"P "(N)e) e P *(N) (48)
Where p(N)=(P),.,.» ii=12,L,ande" =[1 1 - 1], p canbe calculated by (40) ~ (44).

m

The optimal fused variance matrix is given as

P,(N)=(e"P(N)e)",and trp, <trP, j=1,2" K (49)

When weighted criteria are weighted by diagonal matrices, the weighted iClents
A, =diag(a,), k=1 ,n,While a, aregiven by
a;=[aa,," a

laaal doLe * @Cﬁ (50)
=PIyt e P Ity \ (51)
where e-[1 ~~ 1] IS a vLx1 [row Vector, ' is defined as
P =(P)(tI1), Lk=12,",K, P (t|t) IS the& W”an d jth co dlagonal element of

P, (tIt). P, (t]t) IS computed by Theorem 3.
When weighted criteria are weighted by s, the @ d coefficients are

@6\

P
o2
where ¢, = rp,),. isaLxL& ’\6
The optimal fused vanar@natrlx |s@s

\\Q\l) (ny and e, <P, j=1,2, K (53)

5. Simulat@ Ie
Consider 2-S€nsor dIS tlme linear time-invariant stochastic tracking system (1)~(3),

where 1 - 0.8 is th led period, A:{i H, r=[ti/2 1], H,=[t 0], H,=[1 0],
H,=[t o], F1—0Q=0.5 , F,=0.6. And ¢ (1) is white noises with zero mean, o7 -o0.s1,

=3, 0’ \&-\nd w(t) IS White noises with zero mean and its covariance isc> =1. v (ty and

(52)

and (3), we have

2,() = M x(t) + v (1) (54)
where
M, =M@ -F M, v (t)=HIw(t)+ &, (t) (55)

State estimation problem is based on the measurement (z,t + N), z,(t + N -1),") , t0 Obtain the
linear minimum variance fusion state x,(t|t+1) .
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_— — . : weighted by matrix
. weighted by diagonal matrices
— e — . weighted by scalars
subsystem1
= = . = = subsystem2
....... - subsystem3
The simulation results are shown in Fig.1-Fig.8. Figure 1 to 6 gives the fusion
smoothing weighted by matrix, diagonal matrices and scalars. Figure 7 and Figure 8 are
the absolute error curve for the state smoothing and fusion state of position and velocity
weighted by matrix, diagonal matrices and scalars. In the figure, the accuracy of the
fusion state filtering is higher than any of the single sensor. Simulation results show no
significant difference between the three kinds of distributed fusion algorithm,sand the
three fusion curves almost coincide. But the scalar weighting fusion pr '%wan
significantly reduce the computational burden, and provides a fast infor e%ﬁ.lsion
estimation algorithm. @

6. Conclusions 1@\* @

In this paper, distributed information fusiop=state estimaWor discrete-time
stochastic linear systems with sensor errors asente fopmation fusion rule,
which adopted in this paper, is weighted by matrix;diagonal ces and scalars. They
can deal with the fused filtering, smoothing a@redicﬁo%imation in a unified form.
For the sake of calculating the infer fusion ghted value, formulas of
computation for the variance and =Covatia matrices are presented. The
estimation accuracy for the system i tly i compared with the single local

sensor. Matrix, diagonal matrices scalars weight the accuracy of above three kinds
of weighted fusion filtering,fro% h to, | But the computational burden is on the

contrary. Fusion filtering wel db i¥ has a large computational burden, and
weighted by scalars with @imal co ational burden, and it is suitable for real-time
example shews its validity. The algorithm presented in this

applications. The siryu
paper has many a es. It ca ve the fused filtering, smoothing and prediction in
a unified way, an andle\@tu ing fusion estimation based on ARMA innovation

model. @
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