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Abstract— This paper deals with estimation fusion for a
Markovian jump-linear system (MJLS) and proposes a dis-
tributed fusion scheme, in which local sensors send their
transformed measurements to the fusion center and the fusion
center fuses them with a multiple-model (MM) filter. A specific
linear transformation for local measurements is studied and
it is shown that the distributed minimum mean-squared error
(MMSE) fusion with these transformed measurements has the
same performance as the centralized MMSE fusion when full-
rate communication is employed. The reduced-rate communica-
tion case is also considered for the systems with very limited
communication capacity. Moreover, approximate algorithms are
presented for practical application. Illustrative numerical results
are provided to show the performance of the fusion methods.

Keywords: Estimation fusion, distributed fusion, multiple-
model estimation, minimum mean-squared error.

I. INTRODUCTION

Estimation fusion, which is the problem of best utilizing
useful information contained in multiple sets of data for the
purpose of estimating a quantity [1], has been investigated for
decades. There are a lot of results available (see, e.g., [2], [3],
[4], [5] and the series of papers [1], [6], [7], [8], [9], [10],
[11]) and almost all of them focus on the fusion for a single
model system. However, for many applications, especially for
target tracking, the underlying system (e.g., a maneuvering
target) encounters motion-mode uncertainty, which is usually
modeled by a set of motion models. The single model fusion
method is not directly applicable for these situations, although
it can provide a basis (see, e.g., [12], [1]). In this paper,
we consider the estimation fusion for an MJLS, which is a
system with Markovian jumping parameters represented by
multiple models with given probabilities of jumping between
the models.

Consider the following two-sensor (sensor a and b) dis-
tributed MJLS:

l l l
i1 = F i + GPwl) eh)
zp = Hpjxp +vp, n=a,b (2)
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where x, € R", z;' € R"=, superscript [ denotes quantities
pertinent to model m) in model space M. The event that
model m® is in effect over the sampling period (tj_1,tx]
will be denoted by mg). The switching between the models
is governed by a homogeneous finite-state Markovian chain
with the transition probabilities m;; = P(mgj )|m§£1). It is
assumed that the process noise w(") and the measurement
noises v (n = a,b) are mutually uncorrelated zero-mean
white Gaussian processes with covariance matrices

cov(w,gl)) = g), cov(vy) = Ry

It is further assumed that the initial state xy is a Gaussian
mixture and uncorrelated with w® and v™.

Note that the MJLS assumed above is not completely
general since the measurement of each local sensor has a single
model. However, normally in practice (e.g., target tracking) the
way in which local sensors make their measurements is not
uncertain.

The problem is how to estimate the system state based on
the (processed or unprocessed) data sent by local sensors, i.e.,
fusing the distributed data. The fusion can obviously employ
a centralized architecture, in which all sensors send their raw
measurements to the fusion center and then the fusion center
estimates the system state with a multiple-model filter. This
is referred to as centralized multiple-model fusion (CMMF).
CMMF can achieve the best performance, but it needs heavy
computation and data transmission and thus is impractical for
some cases. In this paper, we study the distributed fusion and
use CMMF as a benchmark.

We consider the following distributed fusion schemes de-
pending on the processing methods at the local sensors and
the fusion center:

1) Local sensors use linear minimum mean-squared error
(LMMSE) filters for the MJLS [12] to estimate the system
state and transmit the local estimates to the fusion center.
Then a global estimate can be obtained at the fusion center
by the optimal linear fusion rule [1]. This scheme is feasible
but has some disadvantages. Denote by M = |M]| the number
of system models, and the LMMSE filter for MJLS would



introduce a (M * n,)-dimensional stacked state vector, so
the transmission of local estimates would overload the com-
munication. What is more, for an MJLS, the optimal linear
fusion performs in general not as well as some well-known
suboptimal nonlinear MM fusion.

2) Local sensors use multiple-model filters and the fusion
center employs a linear combination rule. This scheme has
some challenging problems. One of the major issues is how
to deal with the cross-correlation of local estimation errors due
to the common process noise since the local multiple-model
filters are in essence nonlinear filters. Optimal dealing with the
cross-correlation is harder than in the LMMSE case above. In
[13], [14], interacting multiple model (IMM) filters are used
in local senors, information increments are sent to the fusion
center and then the method of [2] is used to get a global state
estimate at the fusion center, which is an approximate method
and does not enjoy optimality.

A common ground for the above two schemes is that they
both use a linear fuser at the fusion center. In this paper,
we adopt a multiple-model estimator, which is nonlinear, to
fuse the transformed data sent by local sensors. The IMM
algorithm is utilized to implement the fuser, since the opti-
mal approach involves an exponentially increasing number of
model-sequences. In addition, both the full-rate and reduced-
rate communication cases are considered, making it flexible
for application with any communication constraint.

The paper is organized as follows. Section II formulates the
multi-sensor multiple-model distributed fusion problem for the
system (1)—(2). Section III presents the algorithm of distributed
multiple-model fusion in the full-rate communication case.
For reduced-rate communication, an approximate distributed
multiple-model fusion method is presented in Section IV.
Numerical examples are provided in Section V to compare
the performance of our fusion methods with the CMMEFE
Section VI concludes the paper.

II. BACKGROUND AND PROBLEM FORMULATION

Single-model distributed fusion with transformed data has
been studied, especially for linear transformations (see, e.g.,
[15], [16]). Theoretically, in the multi-sensor environment, fu-
sion can always be viewed as the estimation with transformed
data: the centralized fusion is with an identical transformation,
while the standard distributed estimation fusion' is with a
nonidentical transformation.

Thus the adopted transformation should have some nice
properties for the fusion, such as reducing the computational
load and data transmission. We will use the transformation in
[16] and illustrate its advantages.

Let

yi = (H) (RY) ™=
Then from Eq. (2), it follows that
yi = (HY) (Rp) " Hywy, + (HE)' (R Mo (3)

'When only local estimates are available at the fusion center, the fusion is
refer to as standard distributed estimation fusion [1].

Furthermore, let
Hy = (HY)' (RY) ™ Hy,
up = (HP) (Ry) ™ o
Then Eq. (3) can be rewritten as
yp = Hl'zp + 0, n=a,b

where
E[5}] = 0, cov(}) = Ay

and v and 9% are also uncorrelated.

In our proposed distributed fusion, each local sensor sends
the processed data y;' to the fusion center at every sampling
step and the fusion is to find a state estimate of zy, i.e.,

iy, = Elzg V¥ 4)

where Y* = {Y,, k= 1,2,---  k} and Y, = [(y3)', (42)']-

III. DISTRIBUTED MULTIPLE-MODEL FUSION WITH
TRANSFORMED MEASUREMENTS

A. Model Likelihood

A major issue in the multiple-model fusion with transformed
measurements is to compute the posterior probability of the
system model, which in essence is to obtain the model likeli-
hood. Here the problem is that H;' does not necessarily have
full column-rank. Thus, y;; might have a singular Gaussian
distribution (i.e., one with a singular covariance) given zj, and
the likelihood is not known analytically. We use the pseudo-
inverse and give the likelihood function for transformed mea-
surements in a static case as follows. Let

fla) =" mN(x; 21, Ca))
l
z=Hx+v

where y; is the probability of model I, N (z;Z;,Cy,) is the
distribution of x when model [ is in effect, v ~ A(0, R) and
R is invertible. Denote by y the transformed data

y=HR 'z
and then the likelihood function of model [ is
1. -
L(ylai, Cry) = (det(R + HC, H')~H exp(—57/Cf ) (5)

where § = y—H'R"'HZ%;,C, = HR'[HC,, H'+RI[R"'H
and the superscript "+’ stands for the Moore-Penrose pseudo-
inverse (MP inverse in short). The expression is quite similar
to the Gaussian probability distribution function (pdf) except
for the MP inverse in the quadratic form.

Here we provide the model likelihood of transformed mea-
surements directly and later in Theorem 1 we will show
that Eq. (5) is indeed the sought-after likelihood function
by proving that the same posterior model probabilities are
obtained by using transformed measurements and by using
raw measurements.



B. Multiple-Model Fusion with Transformed Measurements

Denote m;x) as the event that the model sequence 1k

through time k is in effect. Assume that the distributed fusion
il ’1) P(lk b (- 1)

(l ’1)

results at time k — 1 are and g,

k—1
P,El ) ) is the mean- squared error (MSE) matrix of &,

k: 1
,u,(C 1 ) is the posterior probability of {*~!. These quantlties
propagate to time k to be viewed as the prior information

k
of x, which is denoted by X} = {xk‘k 17Pl§\lk)—17 I(cl|k 1
Then fusion (4) can be expressed as
.’L‘k ~ E[l‘k|Yk,Xk]

ZZP m(lk)|Yk,X]g)E[.’L'k|Yk,Xk,m(lk)] (6)
1k

where

P(m(lk)|Yk,Xk)
L5 ph) (")
_ L(Yk|xk\k 1 Pt l’m(lk))'ulﬂk 1
o (%) (%) (%)
Dk (Yk|~’%\k 1 Py 1’m(lk))'uk\k 1
the model-sequence conditioned estimation is
NUO

T = [$k|Yk,Xk,m(lk)]
o (1%)

— lk:
= Tppp—y T K (Y = Hkxl(qk)fl)

Ki = P/ka) VLS
P =P) | — KiSiK}
Sy = P, Hj + Ry
and
Hy =[(HE), (HY)')', Ry = diag(Hy, HY)

Clearly, like optimal multiple-model filtering, the above
fusion involves an exponentially increasing number of model-
sequences and is impractical. Approximate algorithms (e.g., in-
teracting multiple model (IMM), generalized pseudo-Baysian
algorithms of order n (GPBn)) can be easily obtained and the
reader is referred to Table II in Section IV for the distributed
IMM fusion with transformed measurements.

Remark: By the above method, we can see that each
local sensor needs to transmit y;' to the fusion center. Thus,
when the measurement dimension 7, is larger than the state
dimension n,, there are communication savings. It is more
suitable for the system in which each local station has many
sensors. Otherwise, when n, < n,, the transformation can be
carried out along time, that is, the measurements over a time
interval are transformed to save communication. This will be
discussed in Section IV.

C. Performance Analysis

For the performance of the above fusion, we have the
following Theorem. .
l _ l

Theorem 1: 1If x;‘k) . = Elzxlmgry, 28] and Ml(cuc)—l =

P(mxy|Z5~1), where ZF~1 is the stacked measurement with

respect to all sensors up to time & — 1, then for system (1)—
(2) the above fusion is equivalent to the centralized multiple-
model fusion

iy = Elxy|Z"]

Proof: First, it is clear that given the system model
the fusion problem is a single model distributed fusion with
transformed data, which was studied in [16]. From that work
we already have

L (1%)

Ty :E[$k|Yk,Xk,m(lk)] ZE[$k|Zk,Xk,m(lk)] (7)

where Z, = [(28),(22)'). This means that the model-
conditioned fusion with the transformed measurements and
with the raw measurements is identical. Then, it suffices to
prove

P(mar)|Yi) =
From the extension of matrix inversion lemma [17]
(BCB' + A)t = At — A*B(C™' + B'ATB)"'B'A*
iff AATB = B, we have

P(m(lk) |Z;g)

(Hkpé‘lk) 1‘H]/c + Rk)+
= Rf — RYEJ((P,) ) + BLRFE T HLRS ()
where

_ _ L o=
_ Ho H¢ H
mrp= | gy | [ | ]
Hy(Hp)* Hy } .
= — — — :H
[ Hy (Hy)* Hy ’

Thus, from Eq. (8), we have

RV (H P

ik Hi T Ri)TH R "

=R, 'H. R H R, — R, " HyR} Hy,
k — — — — — ~
P )T IR E) T HLREH R (9)

where Ry = diag(R{, RY) and Hj, = diag(Hg, HY). Since
rank((Ry) " Hy) = rank((RZ)fl/Q(RZ)fl/QHE)
nk((Rj) ™2 H)
rank((H})'(Ry) ™'/ (R},) V2 HY)
nk((Hy)' (Ry) " H)
rank((R},) ™' HY) = fank((Hk) (RR) ™ Hy)

and by the properties of pseudo-inverse [17]
B(AB)"AB = B, if rank(B) = rank(AB)
we have
ROVHLRY H,
_ [ (Rf)~H}

|

=R, 'Hy



where Hj, = [(HZ),(H})'). Therefore, Eq. (9) can be

rewritten as

Ry “Hy(HPY,) Y+ R HLRL
=R 'H.RFH R — R Hy,

P+ LR T R
=R, 'Hy R} H R ' — R Hy
PUD )T+ HLRS H T LR

Thus we have

R,;lmmkp,g;; JH + Ry)TH R
— R Hy,(Hy ,;,j Hi 4+ Ry)THLR!

= R; 1Hk[(P,§‘k)1)

- B H(P) T

+ H R, H T HL R,
+ H,R; 'Hy) 'HR;*
= Ry H((PS,) )"
— RT lHk[(Plgllk) 1)

Hj)™

YV HLR U HY) TTHLR - R

+R;! + H R H T HL R

—(Rk—l—HkP(J )

= (Ry, + H,P(}) A

k1 Hp)~' (10)

where i* and j* denote two different model sequences up to
time k. Let

C(Y/k, lk)

(Zp, 1F) = z,;wkp,g;g )

¥ l
= V{(H P,

H;C + Rk)JrY/k
H;IC + Rk)‘le
where
~ k
Iy = Z — Hiily,)
v 7 0%
Yk = Yk — Hkxk|kfl
Since Y, = H}.R;.' Z, and
~ ~ — k
Vi = HiR; ' Z), — Hii)),) |
=0, R, (Z) —
= H,. R 7,

("
Hk%\k 1)

by Eq. (10) we have
c(Vi,i*) = e(Yi, ")
— 7} R,V H[(Hy ,;,j Hi 4+ Ry)T

— -k —
— (P, Hy, + R 1 H Ry Z
= Z4(Ri + Ho P, HY) ™ — (Re + He PG (HL) 2
= c(Zp,i") — c(Zy, 5%) (11
This yields
exp(—ge(Zy,i*)) _ exp(—ze(Yi,i")
oxp(—5¢(Zk, j*))  exp(—3e(Ye, j¥))

Thus by definition have
i* %
N(Z; ij:,glkll, Ry + Hkp,glk> H})
N (Zy; Hyifl,) R+ HoPY)  HY)

klk—1

-k -k
vzt |, Pl

- L( |k\k 1 Trlk 1) (12)

+.(7) (")
L(Yk| Thlk—1° Pk\jkfl)

By Bayes’ theorem, it follows that
P(mx|Zk)
P(mjn)| Z1)
(1 NZ - H A(ik) R H P(Z) H!
_ Pgje— (Zk; kg1 Lt + He by 7y 9]

u,(jl,j N (Zi; Hkxglk LR+ Hkp,gly HY)

where m;xy and m;xy denote the events that model sequences

i* and j* are true respectively.

Substituting Eq. (12) into the above yields

(&) (&)
P(mxy| Z) _ Pgje— (Yk|xk|k D Pk|k 1) _ P(my|Yk)
- =
Pimn|2) Nz(cjlk) VLGl PG Pmen )
and since
Zp(m(lk)|Yk ZP lk)|Zk =1
lk
we have
P(m(lk)|Yk) = P(m(lk)|Zk)
which completes the proof. [ ]

IV. DISTRIBUTED MULTIPLE-MODEL FUSION WITH
TRANSFORMED MEASUREMENTS OVER A TIME-INTERVAL

When the communication capacity is very limited, the
measurements over a time-interval can be transformed. In
such a problem of multiple-model fusion with transformed
measurements in reduced-rate communication, every N time
instants the sensors send their transformed measurements to
the fusion center and then the center fuses them accordingly.

A. Sensor Measurement Transformation

Denote m’(“gl F+N a5 the event that model sequence s from

time k + 1 to k + N is in effect. Therefore, there are MY
possible model sequences in the interval (k + 1,...,k + N)
on which our transformation is based. Thus the number of
transformed measurements increases exponentially with N,
which is unbearable. An enabling approximation is using the
following assumption.

Assumption 1: f(z},q,. .., 22+N|m§3rN, Tp4N), N = a,b,
is Gaussian, where m,(fJ)r n € M denotes the event that the
model [ is in effect at time k& + [N and n is the sensor index
(see Eq. (2)).

With Assumption 1, the number of model sequences in the
interval is reduced to M and we have

n _ fgn(s) (7, (8) _
Zipreen = Hin@een + Viin, n=a,b



where

n — n / n ! n !’
Ziy1:keN = [ (Zien) (G- (2%41) ]
B n
e
n s —1
Frm,(s) Hk-l—N—l(Fk-i-N—l)
H,> Y =
k+N :
n N—1,1(s) y—1
| Hia = (F)
r ,Un
n (s) -1 k(JrSJ)V (s) n
~n,(s) —Hin (B n )7 Gl i in o1 T VN -
Vk+N =
_H! (s) +oh
L E+1WetN—1,k4+1 T Vk+1

and w,(jz N—1k+1 18 the cumulative effect of the process noise

pertinent to model m(®) from k + 1 to k+ N — 1:
(s) _ N1 (s) \—=1(s) , ()
Wi N-_1k+1 = pm (Hj:l(Fk+j) Gk-‘,—rwk—i-r)
Two methods to implement the measurement-transformation
are given as follows.

1) Batch Transformation: The transformed measurements
processed at local sensors are

n,(s) _ (frs(s)

YN = (Hk-i-N)/C‘;?lz,(s)Zg—i-l:k-i-N’ n=a,b (13)
k+N

where CV&N = B[V v (V)] Let

() _ (gme(s)y =1 Frns(s)
Hyin = (Hk+N>/CV:+,<]3>Hk+N
() ima(s)yr =1 yrma(s)
Viin = (Hk+N)IC‘7:+,53)Vk+N

Then we have
viiN = BN oney + VLY
where E[V;5Y)] = 0 and cov(V;5%)) = A1)
TABLE I
ONE CYCLE OF INFORMATION FILTER

1. Initialization (restart information filter):

() J7(5)

klE Ong xng» Yee = = Ong

2. Prediction:
A’Za(s) — ((FIES))—1)/1:‘»]?)(}7]55))71
T;L,(S) _ GI(CS)[(QE:))fl + (G](CS))/A:»(S)Gl(j)}—l((;;:))/

W(s) 2(s) n,(8) e, (s) pn,(s)
I:+1\k - AZ _Akl ° Tkl ° AZ
gzii‘)k =(- sz(S)Tgv(S))((Flgs))fl)/g:‘és)
3. Update:

A, (s) _ am(s) _

y:ﬁ\kﬂ = y:ﬁ\k + (H ) (RR )7 2y
n,(s) _ n(s) _

Ik+1é\k+1 = Ik+1é\k + (Hp ) (R ) HE

2) Recursive Transformation: Apparently, a straightforward
way of recursive calculating yZJr(]S\; is using information filter
[18] initialized with zero information (see, Table I). Its outputs

1 nv(s) ] nv(s) .
are indeed y, v and H,; | y:

n,(s) _ ~n.(s)

rs(s) _ pna(s)
YerN = YN opne A =1

k+N k-+N|k+N

The batch transformation could not be carried out until the
measurement 2,  is obtained and thus is computationally
inefficient, especially for a large NN. Thus, the recursive
transformation is preferred.

B. Multiple-model Fusion with Transformed Measurements

Given local transformed measurements, the MMSE fusion
(under Assumption 1) is

~ s s ~(l,s
Th+N = ZZP(m(lv )|Yk(+)N7'rl(c+J)\/\k)
! s

s ~(l,s s
'E[Ik+N|Yk(+)N’II(c+Z)V|k’m(l7 )]
s a,(s b,(s
where YiDy =[5 %) (v ). Let M(k) = [M(h)
where M(k) denotes the set of possible model sequences up

to time k. Here (I, s) denotes a model sequence up to time

k + N composed of m’(“l) € M(k) and mF RN €

()
Assume that the distributed fusion results at time k are i:g),

P,gl) and ,u,(cl), and predict these quantities to time k + N

to get the prediction of xx4 . Denote by :E](clfj)v‘ o P,Eif]\),‘ k
(,9)

and 1.} Nk the predicted quantities. Thus the model-sequence
conditioned estimation is

B = N KONy — BN ) (9)
K;ii)zv = [PIElJrSJ\)/\k(HIg?N)/ + Cl(cflzf](sl(c?N)il (15)
P,glf]\), = P/Slfrsz\)mk - Klgi)NSl(ci)N(Klii)N)/ (16)
SI(:ZN = E}E?Nplgf}\)mk(HlSr)N)/ + Rz(fﬁzv
+HNCL N CERY an
where
HY)y = [(EERY @R (18)
P N
(Riyn) Hily

Rl = (VR V) (20)

C = Ellaney — 250, Gy
[t ot ] o

The cross-covariance RZ’fr”(s) can be computed recursively
as follows (see [19] for a derivation)

R = U R + (P (B G0

m—+1 m m|m
(G (ED) Y (Pl Uy (22)

m=kk+1,....k+N—1
where
Ut = (1 = A T5 ) (F) 7

UB) = (1= ALOTHO (B

and A% and T, n = a,b, are given in Table I. Since
vy and vz are uncorrelated, we have

R =0



. l .
The cross-covariance C’,‘:Jr( ]QS) can be computed recursively

as follows (see [19] for a derivation)

Ol = [F O™ - @R @y @3
(ED) T @) )
m=kk+1,....k+N -1
and
ceb) — ¢
due to the whiteness of measurement and process noises.
The posterior model-sequence probability is
l,s s ~(l,s
P(m( )|Yk(+)N"TI(c+])V|k)
(s) ,8) As) (1,s)
_ FOn m D &0 O N 24)
s s) 4lls l,s)
Zl,s f(ch(+)N|m(l’ )’xl(c+])\/|k)/1‘§c+N\k
where f (Yk(j-)N|m(l’S)aj71(jfz)v| ,) is the model-sequence likeli-
hood based on Yk(i)N. When H,?Jr(j\), for all » and [ are in-
vertible, f (Yk(fr)N|m(l=s), i:,(jf])vl ,.) has a Gaussian distribution.

Otherwise, it is singular Gaussian distributed and we can use
the following model-sequence “likelihood”

() 14(Ls) (,s)
L(Yk+N|Ik+N|k’Pk+N|k)

s _1 1 5 s s o (s
= (1) Fexpl 5 (G ) (S ) TN

where

(25)

s) 77(s l,s 77(s 5(s)
Cl(c-l—N = det(ng-:NPIs-i—]\)Hk(HIg-:N)/ + R,(HN)

(s s (s ~(l,s
Yk(Jr)N = Yk(Jr)N - ngJr)le(Hz)vm

rr(s Fra,(s r7b,(s

ALy = (R ()Y

(s cra, (s ~7b,(s

By = cov([(VER) (V50T
Note that unlike the full-rate communication case, here the
errors of ygﬁ\), and yZJ(rSJ\), are correlated. Thus, Eq. (25) is not
necessarily a real likelihood. When S,(jz N 18 not invertible in
Eq. (25), the distributed multiple-model fusion is an approxi-
mate MMSE fusion given local transformed measurements.

Remark: Each sensor needs to transmit Z;', ., n, Which

has a dimension of Nn,, to the fusion center for CMMF
and yzﬁ\;, which is Mn, dimensional in total, for the above
distributed fusion. Therefore, we can choose a large N such
that Mn, < Nn, to save transmission. It should be noted
that when a large IV is employed the Gaussian assumption
of the distribution f(zf, 1, ...,z x|mi) v, Zksn) may be
seriously violated, which may cause a significant performance
degradation.

C. Distributed IMM Fusion with Transformed Measurements

In practice, the above fusion is computationally infeasible,
since the number of model-sequence will increase expo-
nentially. Thus we summarize a complete recursion of the
distributed IMM fusion with transformed measurements in
Table II (see E?s. (19), (22) and (23) for the computation
of R](;J)FN and C,;ZN).

TABLE I
ONE CYCLE OF DISTRIBUTED IMM FUSION

1. Model-conditioned reinitialization (for ¢ = 1,2,..., M):
ﬂ;(le =3 Wjiﬂ)(cj)
m =i 15y
0 =230
S
@~ @ — 2 1
2. Model-conditioned fusion (for ¢ = 1,2,..., M):

) = I L)

PIEQN\k = FIEQNAPIEQNAW(FIEQNA), + QgciJ)rN—l
Y/k(jr)N = Yk(i)N - ng?NigfI)\f\k

Sl(ciJ)rN = EIEQNPIEQNUC(HJ(@?N)/ + Rx(le

+HIE2NCI£2N + (HIEQNCI&)FN),

Ky = B ) + G0
fl(c?LN = fz(;lmk + KIEZ«)#NYIC(QN

(1)  _ pl) (1) () (@)
Pk+N - Pk+N\k - Kk+NSk+N(Kk+N)I

3. Mode probability update (for ¢ = 1,2,..., M):

o)y = det(AL) PO (AE Y+ B )

RN Ch N kRN k+N

@ _ () =3 1y (%) (1) o (%)
Lyin= (CHN) ?eXP(_E(Yk+N),(Sk+N)+Yk+N)
. HONT0

p = _PeinTeiN

R = 1)

4. Overall results
Tht NI+ N = 25 i’x(ciN N
Py Nk+N = ZJP;&N
+(i‘;(ﬁN - i’k+N\k+N)(§3;;J)rN — ZptN|k+N)']

V. NUMERICAL EXAMPLES

In this section, we provide several illustrative examples of
the fusion algorithms presented in the previous sections. Two
kinematic models are adopted: one is (nearly) constant velocity
(CV) and the other is (nearly) constant acceleration (CA).
All measurements are generated by two sensors. The system
models are as follows

i1 = Fz + @GP0, 1=1,2
zp=[1 0 0]ap+ov, n=1,2

where
1 T 0 1Tz
FV9=1lo0o 1 0|,F?=]0 1 T
0 0 0 0 0 1
1) 2 ! 2 2 !
aV=[Z ro|.¢P=[% 71
sampling interval 7' = 1s, w,(j), Il = 1,2, are zero-

mean white Gaussian process noises with variances ¢(t) =
0.01 and ¢® = 0.1 respectively. The two synchronous mea-
surements have a fixed rate and the same measurement model,
and each being one-dimensional measurement. The measure-
ment noises are zero-mean white Gaussian and mutually



independent with variances R = R? = 1. The Markovian
transition matrix of the models is

(i laes = 0.8 0.2
12x2 =1 02 0.8

The true initial state is generated Gaussian distributed with
mean and covariance

[100 30 0]
Py = diag(25, 16, 16)

Ty =

which are also used to initialize the multiple-model filter at
the fusion center. The true initial mode of the target motion
is CV or CA at random with equal probability and the two
model probabilities of the multiple-model filter are set to 0.5.
For each example, 500 Monte Carlo trails are conducted, each
having a time span of 60 seconds.

Two scenarios are provided to show characters of the fusion
methods. In the simulation, centralized IMM fusion (CIMMF)
and distributed IMM fusion (DIMMF) are used, in which
Kalman filter is employed for model-conditioned estimation;
their performance is examined by the root mean-squared errors
(RMSE).

A. Scenario 1

In this scenario, the target switches its motion-mode accord-
ing to the above ;; at each time point.

Fig. 1 shows the position, velocity and acceleration RMSE
of the DIMMF with full-rate communication (N = 1),
the reduced-rate DIMMF (N = 3,5,6,8, respectively) and
CIMME. It can be seen that the full-rate DIMMF and CIMMF
have identical performance, and the DIMMF performance
degrades as IV increases (i.e., communication rate decreases).
This is understandable, since as /N increases more information
will be lost by the transformation and the fusion is just based
on transformed measurements rather than raw data.

B. Scenario 2

In this scenario, the target switches its motion-mode after
every 10 seconds.

Fig. 2 shows the position, velocity and acceleration RMSE
of the DIMMF with full-rate communication (N = 1),
reduced-rate DIMMF (N = 3,5,6,8 respectively) and
CIMMEF. Also, it can be seen that the full-rate DIMMF and
CIMMF have identical performance.

For the reduced-rate communication case, the DIMMF
methods with N = 3 and N = 5 have a comparable
performance. This is because for N = 5 Assumption 1 is
always satisfied and the DIMMF with N = 5 takes advantage
of it, although the transformation loses more information than
the DIMMF with N = 3. Assumption 1, if satisfied, is useful
prior information and should be used in the fusion algorithms.
Therefore, it is not surprising to see from Fig. 2 that at
some time points, the DIMMF with N = 3 or N = 5 even
outperforms the CIMME

T
= = = CIMMF

0.9 q

Position RMS errors

05 L L L L L

Time (k)

T
- — - CIMMFH
o N=1
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Fig. 1. Scenario 1

VI. CONCLUSIONS

In this paper, we have presented a distributed multiple-
model fusion with transformed measurements. Both the full-
rate and the reduced-rate communication cases are considered.
For the full-rate communication case, the proposed distributed
MMSE fusion is identical with centralized MMSE fusion; for
the reduced-rate communication case, the distributed fusion
is developed under a heuristic assumption and performs well
compared with centralized fusion. Algorithms for local mea-
surement transformation and the distributed IMM fusion are
also provided. They are all in a recursive form convenient for
implementation.
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