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Abstract — This paper addresses the problem of linear estima- Taple 1: Summary of possible conditioning sets at F
tion in a distributed sensor network. A fundamental issue in many-

to-many sensor configurations is that of data incest, arising from

the inadvertent (or ignored) multiple use of identical information. C—A| C— B | DensityatF
Extending recent work by the authors that considers the trans- No No p(T|A, B)
mission of a global estimate, this paper casts the decentralized Yes No p(T|A, B,C)
estimation problem in a Bayesian Network framework. A fusion No Yes p(T|A, B,C)
strategy is presented in this framework, to address the problem of Yes Yes p(T|A,B,C,C)

estimating a dynamic target in a network where variable delays

exist between nodes. . . . .
A or B without guarantee of its arrival. Imagine C can also

drop in and out of range of both A and B independently. To
increase the chances of information from C reaching F, C
Motivated by recent applications in network-centric (inbroadcasts its information to both A and B. Assuming track
ternet) systems [1] this paper extends current work kyformation from A and B is fused at F as if independent,
the authors in the area of data incest management witiisita incest occurs when information from C reaches both
distributed sensor networks. Variable communication and B and is used multiple times. Table 1 outlines the
delays, prevalent in a packet switched network such as theee possible conditioning sets that the estimate at F might
internet, increase the complexity the incest managemeaive, if the probability of transmission, between both C
problem. — A and C— B, is neither zero or one. A probability

of successful transmission equal to a half, across both

Data incest is the result of repeated use of identicighks, would represent a one in four chance of data incest
information. A simple scenario, where data incest cajtcurring.

potentially exist, is highlighted in Figure 1. Three airborne
platforms (A,B,C) send track information on target (T)toa |n a fully interconnected and decentralised sensor
central fusion centre (F). Suppose C is out of range of F angtwork, where estimates based on measurements from all
nodes are exchanged between nodes [2] [3], the impact of
the data incest problem increases exponentially. The target
A in [2] was assumed stationary while the delays between
"‘:.f_: ~~~~~~ C nodes were variable up to a fixed maximum value. A
""" further extension saw a non-zero target velocity considered
s in [3] while the communication delays were fixed at known
B . - e, values. This line of research continues here to provide
a fusion approach applicable to tracking a moving target
= T within a network subject to variable delays. In this paper
we identify some of the issues involved, along with pos-
sible approaches to overcoming them, through casting the
problem in a graphical Bayesian Network (BN) framework.

1 Introduction

Fig. 1: POSSIBLE OCCURRENCE OF DATA INCEST

Probabilistic graphical models provide useful insight
. . . ) into the problem of data incest management. A Bayesian
must relay information (via track-to-track fusion) throughyenwork (BN) is a tool, in the form of a directed acyclic
*This work is supported by Defense Science Technology Orgdtaph, used to model the joint distribution of a set of ran-
nization (DSTO) through TDFL, the Center for Sensor Signal ardom variables. The graph comprises a collection of nodes,
Information Processing (CSSIP) and the University of Melbournethere each node represents a random variable, along with




a set of directed edges that represent causal influetigethis paper, however, we consider the decentralised
between the adjoining nodes. Readers are directed to [détwork shown in Figure 2. Eackensor fusion node
[5] for foundations on graph theoretic inference and mof8FN) in the network consists of a local sensor coupled
recently [6], [7], [8] for applications to linear dynamicalto a fusion centre. The interconnect switch links each
systems. SFN toall other SFNs in the network with a dedicated
path. Information sent between any two SFNs is subject
Section 2 begins by formulating a particular decene a variable communication delay, independent of origin,
tralized estimation problem, in which incest managemedeéstination and time sent. The following definition is used
is essential in acquiring an ideal conditional estimate &t simplify notation relating to the timing of information
each node. BNs are introduced in Section 3 as a meanglois between SFNs.
representing the problem in an established graph theoretical

framework. Graph manipulation techniques, that assist in

overcoming the data incest problem, are also presenfe@finition 2.1 Anode-time pairdenotedn, k], is a space-
here. Section 4 then outlines three functional units riMe reference for an event that occurs at SkNt time

quired, within each node, to facilitate these technique/%.
The fusion algorithm described in Section 5 employs thepg; ;»

. . g 2™ e 1,...,D be the communication delay for in-
units to produce an optimal global estimate. The papgfimation sent fronin, k], that will arrive atfm, & + d;"™].
concludes in Section 6.

The integerD is defined as the maximum delay between
any two SFNs in the system. An important assumption we
make for this paper is that there is no overlap in the com-

2 Problem Formulation munication trajectories either directly or indirectly.
Consider the standard target dynamic model
Xit+1 = Fxp + wy, p(xo) ~ N(%0,Po) (1) ; % INTERCONNECT

MEASUREMENT
SENSOR

whereF is a known transition matrix for the statg € R™
andwy, is a zero mean white Gaussian noise process with
: : =~

known variance 7 <:> A

!
O

E[WleIj] = Q(Skj- (2) / \<:>
FUSION
Local measurements o A 1
A
y,(cn) =HMx, —|—V,(€n), n={1,...,N} (3)
are provided byV different sensors whed is the obser- Fig. 2: FULL INFORMATION NETWORK

vation matrix and/g") is a zero mean white Gaussian noise

process with known variance (m) (m) ,
Let Z,” = Y, be the set of alvailable measure-

E[v,i”)vg.")] _ R(")dkj. ments at SF!\h originating from SFNm up to some time
1 < k. Denoting
Throughout this paper, no notational distinction is made (n) (m)
between a random variable (RV) and its realization. z ={Z," :m=1,...,N} (7)

The complete set of observed measurements from all s@s-theavailablemeasurement set ai, k] implies Z,i”) -
sor nodes up to time is defined as thglobal measurement Y*. Information must haverrived from SFNm, for m €
set 1,..., N andm # n, to be available at SFN. We assume
Yk = {Yk(") :n=1,...,N} (4) information sent fronjm, j], for j < k, can arrive at SFN
n in the continuous intervat — 1 to k. We only consider
estimation updates at discrete intervals and thus formalise
Yk(n) _ {yz(n) =1, k) (5) the concept of an arrival to reflect this.

where each subset

Definition 2.2 An input element is said tarrive at the fu-
sion centre associated with, k] if it is available as an
input at[n, k] but it is not available afn, &k — 1].

is further defined as aode measurement sgintaining all
measurements from sensor nadep to timek.

Linear estimation in a centralised sensor network, whe@ven this arrival requirement, the GOCE is unlikely to be
all measurements up to and including tirheare avail- available at any decentralised nodes. Thus, the optimal pos-
able, can provide &lobally Optimal Centralised Estimateterior density computed at, k], is given by
(GOCE)

Xp £ Ex|[Y*]. (6) p(xk|Z)  ~  N(xki X Pig), (8)



where the Globally Optimal Decentralized Estimatearrow direction fromX) and letY;} be the remaining ob-

(GODE) served information o (following a negative arrow direc-
Xhk £ Elxx|Z}] (9) tion from X). From [4] we know
has associated error covariance -
PXIY) = ap(XYO0 1) )
ol [CTE SIRICTRE S -/ PR ) = ar(X)A(X)

Ideally, this statistical pair alone is to be sent to all othavhere o is a normalising constant that has no impact
SFNs in the network. We find, as will be shown later, thain either of the two Gaussian statistics. The quantities
an additional vector must be attached to each pair befareX) and A(X) represent messages passed through the
being sent. network as posterior information (top-down) and likelihood
information (bottom-up) respectively.

The fusion process dt, k] has two forms of statistical
input. The first is the new local measurement, given by Consider a node& with childrenCy, ..., C,,. The col-
(3), which is preprocessed to provide a likelihood densitigctive likelihood is

The second is a sepg’}\?(k), which consists of pairs of

Gaussian statistics that represent posterior densities of the AX) = H Ay (X)-
form given by (8). Given the variable delay between nodes, k

p{'x (k) may contain a maximurfiV — 1) x D or minimum  The contribution provided by each individual child likeli-
zero elements. hood is

(13)

Ac (X) =D N(Cr)P(Ck|X). (14)
Ck

3 Estimation Using Bayesian Networks The calculation ofr(X) considers only information passed
We begin this section with a brief introduction to thérom each parenb, giving the prediction

structure of Bayesian Networks (BNs). We then apply

BN concepts to centralised estimation, as a precursor to 7(X) = ZP(X|D)7TX(D) (15)
investigating the data incest problem encountered in decen- D

tralised systems. The section concludes with an outline of

two operations that can be used to manipulate a pair of BN41€re

mx(D) = am(D) [[ Asx (D) (16)
Sx
3.1 Belief Propagation in Bayesian Networks is the posterior density passed frathand Sy denotes a

LetG be a directed acyclic graph [9] where each node in tfi9de that shares the same parenXasFigure 3 outlines
setV represents a multivariate random variable from tH8€ four possible message passing options, two up and two
setu = {u;,...,uy }. Where a link exists between twodown, that are applicable to the node X.

nodes, it is represented by a conditional distributiomof

given its parentsy,,, .y for eachv € V. Setting the density

to p(u,|uy.(v)), the causal Markov property prevalent on a @

BN factorises the joint density afi to

p(u) =p(uy,...,uy) ﬁX(D)llI}LX(D)
= H p(uy[upa)), (11) @

veV ﬂc1(X)/v \CZ‘
thereby greatly simplifying the calculation pfu). /

State estimation is generally concerned with finding the
conditional density of an individual RV, based on a set of
observed variables (evidence or measurements) which form
a subset ofr. Inference on a BN provides this conditional

density and the belief propagation algorithm [4] provides \y« now consider applying this message passing phi-

an efficient mechanism for the Qistributing _eVidem?%sophy to the problem of centralised and decentralised
through the BN. Top-down propagation follows in the d'éstimation

rection of the arrows while bottom-up propagation involves
information flow which opposes the direction of the arrows.

Fig. 3: MESSAGE PASSING OPTIONS AT NODE X

Let Y denote the set of all observed information on :631'2 Centralised Estimation

graphgG containing the (non leaf) nod&. Let Yy rep- In a prediction and filtering context, where smoothing is
resent evidence found below node(following a positive not considered and the desired output is given by (6), only



Using (15) with a single parest;,, gives the predicted den-

sity
m(xk) = /XH P(Xk|Xk—1)Tx,, (Xp—1)dXp—1 (19)
= Nr(xk; Moy Eﬂ')
where
Y, =Q+FI F (20)
and
fir = Fpy (21)

The update stage involves a bottom-up propagation oppos-

ing the linkx; — y,i"), which is defined by the measure-

ment equation

1 " _
Py ) = () |12

V2T
1 n n — n n
_ X exp [—(y,(C ) _H™Mx,)R 1(y,(C ) _HMx,)
Fig. 4: CENTRALIZED BAYESIAN NETWORK Gy, 2 (22)
22

two of four possible message passing directions agBve Using (13), the_ collective likelihood of the_ two new mea-
required. Figure 4 illustrates a tree structure that modéidrements (which become observedjrat timef is

equations (1) and (3) fav = _D = 2. Unobserved nodes_ M) = Ao (x5) A (x5
are represented by dotted circles. Bottom-up propagation Yk Vi (23)
of A, (xr—1) from x; to x;x_1 (Smoothing) is not con- = Ny (Xk; ftx, 0n)
sidered nor ist_ (x;) a@s no inference is performed on
Y ) where
unobserved leaf nodeg™ through top-down propagation ,
from x. % ¥y = [HOROTH™ 4 H(n)ROTTH™M] T (24)
. : . . and
The process of inferring a conditional estimatexpfbe-
gins with the initialisation of the root node iy = SAHMRM -1y L HORM-1y@) (05
1\ 10 Combining (19) and (23) through the use of (12) gives the
m(x0) = ( —= ] R|I7Y . :
Vor updated posterior density
1
X exp |:—2(X0 — ,uo)/Ril(Xo — [Lo) . (17) p(xk|yk) = ka+1(xk)
= a(xg)m(xk) (26)

All likelihood densitiesky;m) (x) relating to measurement = N, (Xk; by, L)
nodes are set to 1 reflecting their initial unobserved Sta;[/shere
Computationally, this is achieved by assigning each Syl y-1-1 @7)
covariance matrix with infinite values on the diagonal and o, = (057 + 2]
0 elsewhere and equating the mea@to and

P = B [B3 1 + 57 ] (28)

As the estimation process moves through timekto become inputs to the next prediction step
the traditional steps of prediction and updating [10] are '
modelled by top-down propagatioxy ; — x;) and 3.3 Decentralised Estimation

bottom- tiony{™ tively [6].
ottom-up propaga IOWQ — Xy) respectively [6] The fundamental difference between decentralized and cen-

ﬁlalized estimation is the computation of a global estimate
ocally at each SFN. Accommodating a unique GODE at
each SFN n, requires the local administration of a unique
BN g,i”’. Recall that the GODE and its covariance, given

1 )r |R‘71/2 by (9) and (10) respectively, are transmitted between SFNs.

The prediction step involves propagating the posteri
messagerx, (xx—1) = Ny(Xg—_1; 5, 2, ) down the link
Xi_1 — Xg, Which is governed by the system equation

Vor We define this pairing of parameters as tha#put message
1 (OM) for [m, j], which we denote
X exp |:—2(Xk —Fxp_ 1) R (xp — ka_l)} . (18)

plxsar) =

T (x;) = p(xj| 2. (29)

Xj+1



Delays in the transmission of the OM between SFNs wiB.4 BN Filter Operations
result in unobserved leaf nodes of the destination@f@.
However, the subgraph @}i"), betweenx;_p_; andxg,

will resemble the centralised graph shown in Figure . o . .
These two scenarios are shown in Figure 5 for the ca 'é' |IIustrates_ the_ general principle behind both iwla-
whereN — D — 9 tion andcombinationprocedure on two BNSs.

The optimal fusion of two BNs, which contain information
%ommon to both, requires two separate operations. Figure

Let G, and G, be two arbitrary BNs with node sets re-
lated throughV; C V5 = {V4,V*}, whereV* represents
fx, a single leaf node observed @3 but not inG;. G, is de-
fined as thdocal BN and g, is themaskBN of G,. Iso-
lation involves the use of the mask to extract unique infor-
mation, relating tol’*, from the focal BN. Two messages

v v

v AR~ /@
~o & &
\.

€
<

‘.':; ~ Focal BN Mask BN Likelihood
PV k-1
2 (a) Isolation of Bayesian Networks
v Vi
Xk

@\ 6\ 6\ @\

€
<

- B

Likelihood Mask BN Focal BN

Fig. 5: DECENTRALIZED BAYESIAN NETWORK g,i”’ :

Decentralised estimation at, k| requires fusing multi-

ple BNs and inferring the next OM on the result@ﬁl).
The cyclic nature of the data flows demands caution be Fig. 7: BAYESIAN NETWORK OPERATIONS
exercised during the fusion process, so that data incest is

avoided. The presence of data incest in a BN framework., ¢onsidered known on each BN. The first is the predicted
is reflected in Figure 6, by the repeat of the observed ”Ogsnsityn(“(xk) which is identical for both BNs. The sec-

Yz(fl)- ond are the posterior densitie§,3+l(xk) = p(xk\U,gi))
for each BN whereU,ii) represents the set of observed
leaf nodes org; for i = 1,2. The setUki) contains ev-
idence from above and below, represented via (12) as
Ul = {UDT, U7}, From the deifinition of the rela-
tive node sets, it can be shown tHat" " = U9* and
P~ = {Uf) ™, U*} whereU* is a RV associated with
nodeV*. Applying (12) gives

(b) Combination of Bayesian Networks

p(xi|UM) = ap(xi| UL N )p(ULD ™ %)

o (30)
Fig. 6: INCESTED BAYESIAN NETWORK _ awu)(xk))\u)(xk)

and
The remainder of this section outlines two fundamental
operations on BNs. These operatlon.s' can be usgd to p(xk|U,£2)) :ap(xklUf)*)p(U,(f)_
combat the problem of incest and facilitate the optimal @) @)
fusion of multiple BNs. = am ¥ (xg) A (xx) (31)
= ar® (xp) AV (x1) A+ (x1)

xk)



Division of (31) by (30) The remaining information storage is provided to limit
the computation time for each OM. In the process, the size

p(xk|U) _ ap(x,| U N pU2 ™ xi) of the RLM is also limited. The set afelayed posterior
p(xk‘Uél)) ap(xﬂUﬁ?*)p(U,((?Txk) messagetDPM) is denoted
_ oW Y (x)dv- (xk) (39 I, = {#x, (Xi_1) 1i =k — D,k — 2D} (36)
am® (x;) A1) (x)
— A (%) where each elemefit,, (x;_1) is conditioned on the global
v X b measurement séf'—!.
= p(U"[xx)
isolates the likelihood for the measurement associated Wth Isolation Cent
U, . solation Centre

S _ _ This function block is specifically used to extract non-
Combination is simply the reverse of the isolation operaedundant information, present in the OMs that arrive from
tion and is equivalent to observing evidence relatetitp other SFNs, in order to update the RLM. For each incom-

on the grapl$s. CombiningA\y -« (xx) with w,((lk)ﬂ (xx) gives ing OM ™ (x;), with conditioning sele(m), the combi-

j+1
a a y nation centre (as will be shown) providesrasking agent
Au- ()l | (i) = adg ()T (x1) A (x) (MA) denotedr\""), (x;). The MA conditioning se£\"”,
= @ (x,)A? (x,) is such thatzj(m) - {éj(m)7y§."‘)}. The setA,, is said to

(33) T ;
_ Oép(xk|U;((i)+)p(U;((i)+|Xk) contain likelihood messages corresponding to elements of

2™ By definition

™ (x;) = ap(x;| 28 )p(Z2™ 7 |x;)

4 Fusion Centre Components a (37)
= am™ (x;) A" (x;)

The following section describes the components that make

up each fusion centre. The primary aim[atk] is to in- and

fer_the OM given t_)y (29) org,i”). _To meet this ai_m, the ~(m) (x)) = a (x»|é’(m)+) (Z(m)7|X‘)

fusion centre consists of three main functional units: a stor- xj1\Kj) = APXjl<; P\=; J (38)

age centre, an isolation centre and a combination centre. - aﬁ(m)(xj)Z\(M(xj),

For readability purposes, where a superscript is omitted, the

quantity relates to the local SFEMNunder consideration.  Given the conditioning sets and (13), we find thék ;) =
7(x;) and A(x;) = X(xj)Ayw (x;). From (32), division

4.1 Storage Centre of (37) by (38) will extract the likelihood message

In a BN framework, a decentralised estimation problem (m)

requires separate BNs to be administered at each SFN. Ao (x5) = w (39)
When filtering, where only a subset of all message passing Vi 7?;(31)1 (x5)

options are used, full information (the complete set of

messages on the BN) need not be stored. The miniméh3 Combination Centre
requirements for local storage are governed by the ma*ihe combination centre
mum delayD, the numberN of SFNs in the system and
the dimension of the state vectar

g, k] is responsible for four
functional outputs. The primary output is obviously the
OM. A secondary output is the MA, which is used as an
input to the isolation centre. The remaining two outputs,
which are the elements of the DPM, both result from
interim messages in the provision of the primary and
secondary outputs.

The largest local storage element is theent likelihood
messaggRLM) set, denoted\,, which contains allob-
servedmeasurement likelihood messag(ays,n) (x;) ongGy,
formel,...,Nandj € k—2D,... k. Let

Calculation of OM
/\j = {m : /\y(m) (Xj) S Ak} (34)

' D + 1 stages of message passing are required to infer the
be the index set of observed measurements that are childtgn on G,.. Each stage comprises a top-down and bottom-
of x;. The RLM can then be written as up message being passed to the focal noder that stage.

) The top-down message,; (x;-1) is conveyed tax; via
Ar = {Ayom (x;) :m € Aj,j =k =2D,....k}. (35) (19), giving the predicted messagéx;). Using (13) and a
subset of elements frothy, the bottom-up message
Elements ofA, are used in all three functions mentioned

above. Axj) = H Ay (%5) (40)

€N,



contributes information from all observed measurememsj(.m) = {Z§m),y§.m)}.

having originated at timg, that are available afn, £].

Using (26), A(x;) and 7(x;) combine to give the stage Upon conclusion o> > D message passing stages, the
output message,,, ,, (x;). final message provides the desired M&", (x;).

Upon completion ofD + 1 of these message pass- Updating the DPM
ing stage, the final message provides the desired OM

Toprs (Xk)- The first element of the sé&f,. ; corresponds to a stage
. output message in the combination process for the OM.
Calculation of MA Letd = k — D. The delay characteristics guarantee that

. o Mg (relevant during the first stage of the OM calculation)
The approach applied to a MA is similar to that emcontains the maximun¥ indices. This provides
ployed for the OM. The key differences are in the number

of message passing stages and the set of observed measure- Ty (Xd—1) = Ty, (Xa_1). (45)

ments used at each of those stages.
The second element of the sHt,,; corresponds to

Let 7™ (x;), fork—D—1 < j < k, be the output MA a stage output message in the calculation of a MA. Let

Xj+1 . .
to be computed &, k]. The number of message passing = ¥ — 2D- Consider the calculation oty (x;-1) for

stages required to reach the MATs = j — (k — 2D) + anyj > k — D. Again, thg delay characteristics guaraptee
1. Letx; be the focal node at each of these stages. THE S€W. (relevant to the first stage of the MA calculation)
prediction at each stage is the same as for the OM, with (1&}Ntains the maximunV indices. This provides
mappingr{™ (x;_1) — 7™ (x;). Fori = j — 2D, ...,
the creation of the bottom up messaig(eci) necessarily
differs to that of the OM as the MA contains only a subset %f . .

the observed measurements availableat|. By defining Fusion Algorithm

This section provides a brief outline of a possible fusion

Txe (Xe—1) = 773(:7?)()(671) (46)

Ai = {OiAygw (xi) € Ar}y (41) approach that ensures an optimal (incest free) global
) estimate is computed &b, k]. The algorithm integrates
We can write the functional units just described to provideg, ., (x).
e — _ Important considerations relating to the implementation of
Alxi) = H >‘y§”) (xi). (42) the algorithm are also identified.
a€EN;
However, a means by which to check the condition in (41) Before looking closely at theD stages required to
must be introduced. calculate the OM, consideration must be given to pro-

o - cessing the input elements p&’l”\;(k). For each incoming
Definition 4.1 Themessage composition vec{®ICV) for 4y, - (m) (x;), the combination centre provides the MA

(n) Xj+1
OM ., (xx), denoted ﬁfc’}lfl(xj). In providing the MA, the first top-down
message is always provided by the second element of
ITx. Both the MA and the incoming OM are fed into the

is an N dimensional vector that indicates the compositio'r'lsomt'on centre, which outputs the I'kellho%‘»’"')(xj)'

of the conditioning seZ,g"). Each integer elemen/él) rep- It is necessary to process the input OMs in chronological

resents the time of the most recent likelihood, available Sfd€r beginning with the eldest, as later MAs may rely on
[n, k], that originated from SFN. earlier isolations having already occurred. The sequence of

incoming OMs can be processed as a batch, but computa-
The assumption preventing any communication overldjon time for the OM afn, k| is reduced if the isolation is
enforces the condition.™ > 4\™ for k > h. effected in equivalent stages to the OM.

I = (0. 1=1,... N} (43)

Using elements ol“y"’) for the MA, the conditioning set  Each stage of the OM calculation begins with the stan-

can be written as dard prediction stage mapping,, (x;_1) — 7(x;) using
(19). Aligning isolation blocks with OM stages implies that
ZJ(.’") = {Y(f,?) :l=1,...,N}, (44) within each OM stage, there > 0 MA outputs generated
Yk

and isolations performed. The numhercorresponds to

pire number of arrivals{", (x;) € p'™ (k) that contain

Xj+1

where Y((ll)) is the node measurement set given g ) c <
Vi unique information relating to the focal stage node

(5). Establishing the elements of;, under the con-

dition of (41), also makes use of the related MCV. The likelihoods resulting from the isolation are placed
Forl # m, \J)(x;) € A iff v > i. Forl = m, ina, andI'\" must then be updated accordingly. Once all
)\g,l) (x;) € \ iff %fl) > 4. These two conditions ensure thainputs originating from timej are isolated and stored, all



applicable likelihoods for that OM stage can be collected4]
and combined using (40). The result is then fused with
7(x;) to give the stage output messageg, , (x;).
(5]
The first OM stage involves the focal node; for
j =k —D. T\ is inherited from[n, k — 1] and (likeA)
will be updated, after each isolation, throughout the coursgs]
of the D stages. The first top down messagg(x;_1) is
provided by the first element af,,. '
(7]
Following the top-down message pass, any isolations
required on inputs must be carried out. Once this is com-
plete, the nature of the delays guarantee Matontains all
N index values. As a result, the output message from thig]
first OM stage not only provides the top-down message for
stage two but also constitutes the first elemertipf ;.

The second element of;_; will also be updated during [9]
this first OM stage if in fact any inputs originating frojn
were isolated during the stage. If not, the first OM stageo
to perform an isolation will provide the update. This time,
the delay characteristics ensure that o contains allNV
indices. Thus, the output message from the first MA stage
provides the second elementldf . ;.

The minimum delay of 1 dictates that the final stage
of any MA process will not have any observed nodes.
Consequently there is no bottom-up propagation. The
final stage of the OM process contains one observed node,
representing the new local measuremyzﬁt). Once this
measurement is incorporated following prediction, through
/\ylgﬂ,)(xk) the final message (or OMyy, ., (xx) is then
sent to all other nodes.

6 Conclusion

The aim of this paper was to present an overview of
the problem of data incest in decentralized data incest
problems. The particular situation considered involved the
many-to-many transmission of optimal global estimates.
The estimation problem was cast in a BN framework to
provide a simplified description of the operation of the
fusion centre at each SFN. It remains to be seen whether
the increase in accuracy warrants the increase in processing
time, although it should be pointed out that this solution is
applicable to a large range of linear estimation problems.
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