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Abstract— Efficient distributed algorithms are an important  Information packets based on these sufficient statisties ar
enabling technology for large-scale ad-hoc wireless sensor andthen transmitted to other nearby nodes and fused. The com-
communications networks. In this paper, optimal Bayesian data munication and computation burden is shared equally by the

fusion under the assumption of linear Gaussian state and mea- twork nod leading to i d network f d
surement models is presented. Within this framework, an efficient network nodes, leading 10 Improved neiwork perrormance an

algorithm for distributed state estimation in ad-hoc networks longevity. Furthermore, the overall algorithm is paramiete
is developed. Approximate algorithms are then developed for able in the tradeoff of improved communications efficienay f
further improvements in network resource efficiency. These increased latency in the rate at which information propagat
include a parameterizable tradeoff of improved communications through the network.

efficiency for increased latency in the rate at which information - . .
propagates through the network. It is also shown that the Work on distributed estimation dates back at least to

algorithms are well-suited for use with non-linear measurements. the 1970s [5] and continues vigorously [19][24][34][27]2
Finally, for distributed node position estimation in a mobile ad- However, for the case of time-varying parameters (statbe),
hoc network, simulation results show that accurate, efficient noé  development of practical algorithms which can effectiviedy-
localization is achieved. dle realistic communication delays and throughput contsai
is an open problem. This case appears very often in realdworl
applications, especially in large ad-hoc networks of neobil

Distributed estimation algorithms which provide savingsodes, where communications delays (e.g., due to medium
in communication, computation, and memory resources aecess contention) are non-negligible, and inequitabéel lo
required for deployment of ad-hoc sensor and communicsharing between nodes would quickly lead to node and link
tions networks with large numbers of nodes. The applicatiofailures due to energy depletion and traffic congestion.
of such networks are nearly limitless. Networks of low- In many previous approaches for distributed/decentrdlize
cost wireless sensors can autonomously monitor phenomes&mation, solutions were limited to time-invariant et
of commercial, domestic, scientific, or military intereBbr or failed to account for correlations between local estésat
example, wireless sensor networks are useful in industri@hich leads to re-use of mutual information, resulting in
process control, inventory management, applicationslgmpb inaccurate estimation and instability [36]). In [24][28hrrela-
human safety/efficiency/convenience, scientific obs@mat tions between local estimates sthtic states were considered,
and surveillance/target tracking. with limited applicability for non-linear state obsenats.

In wireless sensor networks (WSNs) [1], information main [11], optimal distributed estimation was investigateid v
be communicated multi-hop to a sink or central processah winformation flow graphs, and a procedure for identifying
some degree of data reduction or fusiem route The central mutual information contained in two or three local estinsate
processor would then compute the central (global) estimfatewas provided for the time-invariant case. In [19], efficieig-
the phenomena of interest. However, in large networks, siodeibuted estimation for non-linear observationsstdtic states
which are near the sink are heavily burdened by relayingpadk networks with incomplete connectivity was investigated
ets from more distant nodes. As a result, the sink data rage nia detail, building upon the work in [11]. In this paper, the
be insufficient, and relay nodes may quickly become energyifficulties associated with estimating time-varying ssin
depleted. It is therefore necessary to distribute comjmmatthe presence of finite communication delays are explained,
throughout the network, with each node performing dateofusiand a Bayesian framework for efficient estimate fusion is
and reduction. In ad-hoc networks operating in the abseficeppesented. The resulting distributed estimation algoritis
any infrastructure/network backbones, distributed cowrmjien  designed for communications resource efficiency, and appro
is in fact the only viable option. imations to this optimal algorithm yield further increadas

In the distributed estimation approach presented here, raammunications, computation, and memory efficiency.
measurements collected at each sensor are processegl tocall As an example application, distributed localization in mo-
generate local estimates of the states of interest. Theiguffi bile ad-hoc networks is discussed, and simulations show tha
statistics of these estimates provide a lossless compres$i accurate, efficient localization can be achieved usingrdinte
all measurement data used to generate the local estimategle range measurements under practical conditions. The

I. INTRODUCTION



application to distributed node position estimation isartpnt n references the time,, when some event (relevant to the
because, for example, node position information is vakialdistributed estimation) occurs asynchronously in the pétyw
for enabling efficient routing in networks [33][22], and isthe delayt,; — ¢, between consecutive events is arbitrary.
required for position-dependent services. Node locadinat Note that for time-varying states, network-wide clock gyme

is also required for providing context to collected data inization is required, but if unavailable, the clock biases c
sensor networks, for example in habitat monitoring and ime estimated jointly withk(n).

surveillance and tracking applications [35][26][1]. GR&not The cumulative measurement s&t* is defined as the set
always be relied upon due to node design constraints (e@f.,all measurements recorded at nagealong with the set
cost, power consumption, and/or form factor) and religbili of all measurements for which sufficient statistics are ixeck
(e.g., position estimate unavailability due to shadowmglti- via communication with other nodes, up to and including time
path, and/or jamming). Thus, GPS-less distributed loatibtn  (index)m. That is,p (x(n)|Z}*) denotes the posterioriprob-

is an active research area in wireless sensor networks &tility distribution onx(n), given the cumulative information
both civilian [26][31][12][29] and military [13][25][36]19] available at nodé at timem. Then the state estimate, the state
applications. estimate error, and the covariance of this error (equitiien

Il L OCAL STATE ESTIMATION it can be shown, of thetatg, are given, respectively, by

Consider an ad-hoc network of sensor nodes which obtain X(n|Z*) = E{x(n)|Z"}, (6)
state measurements and which communicate sufficient-statis %(n|Z™) = x(n) — X(n|Z"), @)
tics for these measurements to some subset of neighboring _
nodes with which they areonnectede.g., via a shared wire- P(n|Z") = Cov {x(n|Z")}
less channel). Information packets may also be commumicate = Cov {x(n)|Z"} (8)
multi-hop to other more distant nodes. In this and Sectitins | =P(n|Z}").

through V, the standard assumption of linear Gaussian st
and measurement equations is made. The extension of th
results to nonlinear state and/or measurement models s
cussed in Section VI, and the particular application of {msi
estimation based on (nonlinear) range estimates is disdu
in Sections VIl through VIII.

The linear state dynamics model is

x(n) = F(n,n — )x(n —1) +v(n—1) e RY= (1)

> m, %X(n|Z) and P(n|Z*) can be efficiently
Alculated using the well-known Kalman filter (KF) algo-
fthm [18][2][3] running locally at nodei. Together, this
conditional mean and covariance constitute sufficientssizd
Sfor thea posterioridensityp (x(n)|Z"), under the assumption
of linear Gaussian state and measurement models.

[1l. STATE ESTIMATE FUSION

o ' Consider a data fusion event at nadand timen > m: node
(see, for example, [4]), where the initial stat@)) is assumed ; receives a transmission from nogecontaining sufficient
Gaussian dis’[ribute(f,‘(Tl7 n— 1) is the state transition matrix, Stat|st|cs)"<(m|Z}W), P(m|Z}n), with Z]"L denoting some set of
andv(n — 1) € RV is white Gaussian process noise Withneasurements (though not necessariguenulativemeasure-

covarianceQ(n — 1). In the sequel, it will be convenient toment set) up to timen. Using the KF prediction equations,
write the state transition from discrete time indexo n (with  node; can propagat&(m|Z1"), P(m|21") to the current time

m < n) as n:

x(n) = F(n,m)x(m) + v(n,m), @) x(n|Z]") = F(n,m)%(m|2]"), )

where the white Gaussian process noige,m) has covari-  P(2|Z]") = Q(n,m) + F(n,m)P(m|2]")F" (n,m). (10)
ance Q(n,m). The matricesF(n,m) and Q(n,m) can be Nodes task is then to fuse(n| 2"), P(n|Z") from node;
obtained recursively using with its previous local informatio(n|Z? 1), P(n|Z? 1) to

F(m',m) = F(m',m' — 1)F(m' —1,m), (3) formx(n|Z7), P(n|Z}) (sufficient statistics fop (x(n)|Z7)).

To fuse two Gaussian posteriori densitjeéx(n)|Z;) and
— T
Q(m',m) = F(m/,m’ = 1)Q(m’ —1,m)F" (m',m’ —1) (x(n)|Z,) conditioned on measurement s¢ts and 2, the

+Q(m’ — 1), @) fusion formula
where m’ = m + 2,...,n. However, for computational , (x(n)|2, U 2,) = 1 px(n)|Z,)px0)Z,) (11)
efficiency,F (n, m) andQ(n, m) should be computed directly, ¢y p(x(n)][2,NZ)

e.g., as demonstrated for a particular choice of lineaestafom [11] can be used if

dynamics model in Section VII. The linear measurement

model is p (Zl U ZQ‘X(TL)) =p (Zl - Z2|X(n)) (12)
(22 — Z1[x(n)) - p (21 N Z2|x(n)),

where U’, ‘", and ‘—’ denote the set union, intersection, and

where H(n) is the observation matrix, and/(n) is white reduction operators. That is, the fusion formula (11) holds

Gaussian measurement noise with covaridR¢e). The index if the measurement set§; — 25, 22 — 21, and 2, N 25

z(n) = H(n)x(n) + w(n) € RV=, (5)



are independent, giver(n). This is not generally the case

for time-varyingx(n). For example, ifZ; — Z, contains the
measurement”' (m;, ) obtained at nodé; at timem,,, and
Z, — Z, contains the measuremeste (m;,,) obtained at node
ko at time my,, wheren > my, > my,, then zF (my,)
and z*2(m;,,) are dependent, since(my,) and x(my,) are
dependent. Condition (12)oes hold for estimation of the
joint posterior densityx™ = {x(n),x(n —1),...,x(0)} of
the process at all measurement times:

p (Zl U ZQ|X”) =Dp (Zl — ZQ|X”>
D (ZQ — Zl|x") P (Zl n ZQ‘X”) .

However, since the number of states grows linearly with

13)

p(stzg) = PO )

END IF

(15)

In the casen < m, optimal fusion is more difficult, and
unfortunately, this case is commonly encountered when com-
munications delays are non-negligible. In formulating tipe
timal fusion algorithm, the following definitions are adegt
p (x(n—1)|21'"") denotes the posterior density given the set
of measurementgj’.“1 up to timen — 12 for which SSPs are
known at nodej, and {p (x(my)|z*(m;))} denotes a set of
posterior densities, witlk = 1,2,..., K indexing the SSPs
previously known at nodg, for measurement timesi, > n

this approach is impractical due to computation and memofy,,, = m). Note thatk references the node of origin for

requirements.

the SSP formed fron* (imy,). Givenx(n —1|2'~"),P(n —

There is an important case for which the fusion formula (1}) z»~1) and {%(my|2"(my))}, {P(my|z"(m,))}, optimal
j , )

can be used efficiently: condition (12) holds when eitlggr

fusion of %(n|z*(n)),P(n|z’(n)) is performed as follows:

or Z, is simply z(n), the vector of measurements obtained

at the most recent measurement timeGiven x(n), these

IF n<m:

measurements are independent, under the assumption @f whit *mP  %(n — 1\2;“1),

measurement noise in (5). The implications of this obsamat

will be demonstrated in the following sections.

IV. OPTIMAL DISTRIBUTED STATE ESTIMATION

When nodei obtains measurement$(n) at timen, it uses
the KF to compute (sufficient statistics forix(n)|Z?), given

p(x(n—1)|Z?7"). Node i can then use (11) to calculate

sufficient statistics for the posterior density based omlyttze
new measurements (n). Specifically,

() lgi(m)) = L P X)) p(x(n)|Z7)
Pl ) = o iz )
wherep (x(n)) is thea priori probability distribution (efficient

(14)

ptemP — P(n — 1|Z]71)
m_1—n—1, my<<n
%(mo|2 (mo)) — %(n|2' (n))
P (1mo|2°(mo)) < P(nlzi(n))
FORE=0,1,...,K:

)*(temp — F(mk, mk_l)f{temp
PP — Q(my, mi—1)

+ F(mg, mp—1)P*PFT (my,, my_)

temp __ iptempp (X(mk)|zk(mk))
¥ p (x(mx))

(16)

formulas for computing the multiplication and division of
Gaussian densities are provided in the Appendix). The suffi-
cient statisticst(n|z(n)),P(n|z’(n)) for p (x(n)|z'(n)) can
then be communicated via a sufficient statistics packet YSSP
to other nearby nodes, which can use the received informatio

Cy

(p**™P is represented by suff. statgtemp, ptemp)
END FOR

to update their local state estimatebnplicitly, it is assumed

p (x(m)|Z]") — premp

that SSPs are time-stamped with the most recent asynctsonoueEND IF

measurement timé,, in this case.
When nodej # i receives an SSP containifgn|z*(n)),

Due to SSP reprocessing required in this optimal fusion-algo
rithm, the computation and memory requiremen®igk + 1)

P(n|z'(n)), it fuses this new information with its mosttimes greater in the case < m, compared with the case

recently-computed sufficient statisticgm|Z7), P(m|Z7")

n > m.

for p (x(m)|Z7"). If node j receives redundant copies of

%(n|z‘(n)), P(n|z‘(n)), it can identify (based on the index

V. APPROXIMATE DISTRIBUTED STATE ESTIMATION

pair (i, n)) and discard them. For fusing new information, there

are two cases to consider,> m andn < m. In the first case,
it is simple to obtain optimal fusion:

IF n>m:
X(n|Z}) = F(n,m)x(m|Z]")
P(n\Z}”) = Q(n,m) + F(n,m)P(m|Z§”)FT(n,m)

1For improved communications efficiency, SSP messages may belétiu

in packets transmitted for other purposes.

Though the optimal distributed estimation algorithm of
Section IV is a practical choice for many applications, ¢her
will be other applications for which greater efficiency is
required. In Section V-A, an approximate estimate fusion
algorithm is introduced for improved computation and memor
resource efficiency, and in Section V-B, a method for impdove
communications efficiency is presented.

2Specifically,n — 1 = max {”k’ 2k (ny) € Z7 ng < n}



A. Improvements in Computation and Memory Resource Effiat significant improvement in communications efficiency
ciency may be possible with minimal degradation of estimation

In the caser < m, the computational complexity of optimal 2ccuracy.

estlmsate fgsmn |5_1‘9((K + 1)Nq¢), v_vhmh can be redyced to V1. NONLINEAR STATE ESTIMATION
O(N2), with a similar reduction in memory requirements, o _ _

suited for estimation with non-linear state dynamics and/o

IFn< m _ measurement equations. The extension to this case is now
x(m|z'(n)) = F(m,n)x(n|z'(n)) discussed, along with considerations affecting estimatio-
P(m|z'(n)) = Q(m,n) curacy. Consider the state dynamics model

i T
+ F(m,n)P(n|z"(n))F* (m, 71) x(n+1) = £ (x(n)) + g" (x(n)) w(n), (20)
p (x(m)|Z}") — %p (em)|Z7) p (x(m) 2" () (17) wheref™(.) is a linear or non-linear function of(n), and
END IE r p(x(m)) g™ (.) is an N, x N, matrix whose components depend on
] o x(n). For the measurement model, let
From Section lll, (17) results from the approximation
z(n) = h" (x(n)) + v(n), (1)

p (27 Uz (n)[x(m)) = p (Z7|x(m))p (2 (n)|x(m)) ,
(18) whereh” (.) is a linear or non-linear function of(n).
which holds exactly if the states are time-invariant. Neficat The extended Kalman filter (EKF) is the algorithm most
for n = m, (17) is the same as (15); i.e., the fusion is optimalommonly applied for non-linear estimation. In the EKF,
if the SSP communication delay is 0. equations (20) and (21) are simglgearizedvia a first-order
) o . Taylor series expansion about the most recent local state es
B. Improvements in Communications Resource Efficiency timates,x(n|Z") andi(mzzlq)_ The EKF equations [2] are

The algorithms of Sections IV and V-A can be modified téthen obtained by applying the standard KF for the linearized
obtain an approximate distributed state estimation algori model.
which is parameterizable in the tradeoff of improved commu- The distributed estimation algorithms of Sections IV and V
nications efficiency for increased latency in the rate atciwhi can be applied using conditional means and covariances ob-
information propagates through the network. The approatdined from EKF algorithms running locally at each node. Due
is essentially the same, except that transmitted SSPsiconta the linearizations in the EKF, the estimates obtainedagre
information for blocks of N, consecutive measurements aproximations to the optimal minimum variance estimates, an
a single node, rather than for a single measurement vedioe estimation errors are only approximately Gaussianc&r
obtained at one node and one tfne culation via (14) of sufficient statistic®(n|z*(n)),P(n|z‘(n))

SSP formation for improved communications efficiency ibased on the current measurement veztoi), good accuracy
accomplished as follows. As each new measurement veatan be obtained if the EKF is closely tracking the states, (i.e
z'(n) is obtained, the new information is extracted via (14f the estimation errors are small). In fact, the utility df4{
using the predicted and updated KF estimates. The extractednost evident in the context of non-linear estimation. The
information %(n|z(n)),P(n|z’(n)) is then fused into the reason for this can be seen as follows. The calculated gensit
current SSP sufficient statistics(n|Zgsp ). P(n|Z5p) (Pre-  p (x(n)|z(n)) is the a posteriori distribution based on a
dicted to the current time via the KF prediction equations$ingle measurement vectet(n) and thea priori distribution
where ZZy,, is the set of measurements whose information js(x(n)). For the sake of argument, ignore linearization errors.
included in the current SSP. The fusion of new informatiofihen p (x(n)|z(n)) could be calculated by predicting ttze
into an SSP is accomplished via another application of (11jpriori density (which in practice may be based on some initial

1 p (x(n)|i(n)) p (x(n) | Z8sp) measurements shared among all nodes) to the current time us-

p (x(n)|Z8sp) — =77 P P SSP/ (19) ing the KF/EKF prediction equations, and then calculatimg t

r p (x(n)) updated density using(n) in the KF/EKF update equations.

When the full block ofN, measurements has been processed®Wever, bringing linearization error back into the piein
the SSP is transmitted to nearby nodes. When npdé i the non-linear case the estimationyofx(n)|z’(n)) would be
receives the SSP, it uses the approximate fusion algorithmS§verely inaccurate because theriori mean predicted to the
Section V-A to update its local estimagém|Z™),P(m|Z™) current time would likely be very far from the true state, and
J 77 J . .. .
using %(n| 2 ),P(n| 28p). In Section VIII, simulation re- the predicteda priori covariance would be very large fQ]!n _
sults are presented for various choicesMof and it is shown Contrast, (14) can provide an accurate method for estigatin
sufficient statistics fop (x(n)|z'(n)). The utility of (14) is
3The resulting improvement in communications efficiency is esigc  demonstrated in Section VIII for distributed EKF-based éod
large if SSPs are transmitted wirelessly as individual pecke a network

using a carrier sense multiple access collision avoidana®@ol (such as in 4In [2] it is shown that the linearization is highly accurafethe state
802.11). estimate covariance is very small.




localization using inter-node range measurements (meadi for time-varying states, a KF-based algorithm is best able t
transformations of the node positions). provide the required position tracking capabilities.

The method of Section V-B for improving communications The linearization of (22), as required for the EKF algorithm
efficiency at the expense of increased delays in informati@ specified in [6][19]. For the simulations presented in-Sec
propagation should also be evaluated in the context of ndien VIII, a common linear model, the discretized “contimso
linear estimation. Increasing the numb¥Ey of measurements white noise acceleration model” [4], is assumed for theestat
represented by one SSP could cause the local estimatians erctynamics. In this model, positiogn(n) and velocityv, (n) in
at each node to increase, since the most recent measwore coordinate are described by
ments obtained at other nodes are unavailable locally. This
increase in instantaneous estimation errors could make the
EKF linearization less accurate, leading to further insesa where
in estimation errors. However, this effect may be negligibl yin(n) = [ y(n) }T

1D — )

yvip(n) = F(n,m)yip(m) + v(n,m), (24)

as long as the local estimation errors are kept small (e.g., vy(n) (25)

by ensuring a sufficient local measurement rate). For the

. ) ) ; . . 1ty —tm
simulations described in Section VIIN, was varied between F(n,m) = 0 L \ (26)
1 and 10, with little effect on estimation performance.

andv has covariance
VIl. DISTRIBUTED POSITION ESTIMATION (n,m)

. . . . . 3 2
In wireless ad-hoc networks in which GPS is unavailable Q(n,m) = [ %(tn —tm)2 %(tn —tm) ] QA . @1
to all or some fraction of the network nodes, localization 7 5t —tm)”  (tn —tm) !

can be based on any of a variety of measurements, mcluﬁie overall state vectot

is of dimensionN,, = 4N,,, for
ing received signal strength [30], connectivity [7], angiE (n)

. ? . . , a network of N,, nodes distributed in two dimensions. Each
arnvaI. (AOA), time of arrlva_l (TOA,‘)’ and time dlffergnce node estimates the entire vectqm) locally. This is necessary

of anival (TDOA) [8], Recelve_d Signal Stre_ngth Indl_catordue to the coupled nature of the node pair positions in range
(R.SSI) measurements are available from existing radios, k?‘Heasurements, if there is uncertainty in both node locstion
this position estimation method [15][14][30] is vulnerabl rp,o resulting cross-correlations between position andcisi

to m.u_ltipath. fad!ng [8] and rgq_uires extensive_ en,VironmenEoordinate estimates for all nodes must be accounted for in
specific calibration. Connectivity-based localizationnwat .4+ 5 avoid information loops leading to instability [36

yield high-resolution position estimates in many cases. 'Wh%igce the complexity of the overall distributed estimatien

AOA measurements are used, a position can be estimajg@ys, iy jarge networks the formation of smaller subnet-

. xr
with only two reference nodeg. However, performance may Works, though sub-optimal, is a practical necessity.
severely degraded by scattering near antennas [8], andsthe u

of antenna arrays corresponds to increased sensor node cost VIIl. POSITION ESTIMATION RESULTS

power consumption, size, and complexity. In the simulation The distributed estimation algorithms of Sections V-V and
described in Section VIII, node positions are estimatedg@isithe EKF-based position estimation and tracking algoritdfm o
range measurements between pairs of nodes. Such raggetion VIl were simulated for networks df,, = 20 and
measurements can be obtained, for example, from round-tNp — 40 nodes. All nodes were randomly deployed in the
travel time (RTT) measurements [17][25][16][21][20][19] network area (67-by-667 m for N, = 20 and 1000-by-
For a master node located atx;(n) obtaining range 1000 m for N, = 40) and moved according to the white
measurements t&/. (V. = 1 for the simulations discussed)noise acceleration model of Section VII witl) m/s initial

reference nodeg = ji, ja, . .., jn. located atx;(n), the non- yelocity standard deviation anda, = 1 m/s® acceleration
linear measurement equation is given by standard deviation. The measurement and one-hop commu-
2i(n) = h"(x(n)) + v(n) € RN=X1, (22) nication range of ea(_:h node was limited2@5 m (a shorter
range could be used in denser networks), and each node ranged
where (with measurement errors df) m standard deviation) to its
five neighborsf (within range once every0.5 to
h” y . i T 53) Nearest !
(e(m)) = 1pigs () piga () - pis (W™ (23) 1.5 seconds (one range measurement was obtained évery
and p; j(n) = ||x;(n) —x;(n)||. Node positions estimationto 0.3 sec., selected randomly from a uniform distribution).

is thus complicated by the non-linearity and state couplifdodes communicated SSPs to neighbors located a maximum
inherent in the measurement equation. In this paper, time-N, = 1,2, or 3 hops away, where the number of hops was
varying node positions are estimated and tracked using timedeled according to the distandgm) between source and
EKF. Other approaches to position estimation based on rarggstination node$! < d < 275 — 1 hop,275 < d < 478 — 2
measurements have included methods based on semidefindps, andi78 < d < 662 — 3 hops. Note that in this model
programming [12] and local coordinate system constructidghe number of hops required to guarantee that a message could
based on geometry [9]. Combinations of the local coordinalte communicated between two nodes at far corners of the
and an EKF approach were developed in [31][32]. Indeedetwork would be5 hops for theN,, = 20 network and
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8 hops for N,, = 40_network. _Source noqles co_mmunicate_d — Me‘aMErmrLc‘gnvaﬁzed
SSPs to one-hop neighbors with a delay (including procgssin | - gaanlfrggrlcgf:;ﬁ’ggd
delay) of 0.3 sec., or more, and the communications delay ‘ RMS Error, Distributed

for any additional hops wa$.2 sec., or more, per hop.

The standard deviation for initial node position and velpci

estimates wag50 m and5 m/s, respectively, fof0% of the

nodes. The othe30% of nodes were “assisted” (e.g., via GPS)

and obtained independent estimates of their own positiagh an

velocity once per second with error standard deviations0of

m and 0.333 m/s, respectively. The existence of “assisted”

nodes was assumed in order to enable geographic, as oppost

to relative, localization (the assisted nodes serve a inidas

to that of “anchor” or “beacon” nodes in the localization

literature). Because estimation errors are coupled acradss 0 ‘ ‘ ‘ ‘ ‘

(as discussed in Section VII), assisted nodes communicatet 0 2 N Timeﬁ(sec_) 8 10 2

measurements of their own positions to other nodes up;to

hops away, with the same communication delays as for SSPg. 1.  Comparison of approximate distributed and optimal redined
The approximate algorithms of Sections IV-V were simu?-\',ioitgrgsr;e'\tﬂvf;i i%%ﬂgf?,vﬁﬂdcmsmpuonsigg?oﬁ%@??&g;mmi ffr

lated over100 (for N,, = 20) or 5 (for N,, = 40) ensemble hop.

runs, and their performance was compared with that of the

centralized algorithm (optimal except for EKF linearipat).

=
o
o

al
o
T

Position Estimation Error (m)

In Figure 1, forN,, = 20, N, = 1, and SSP block siz&V, = :0

1, the mean absolute position estimation error and the rms€

position estimation error (equivalently, the standardiatin =l |
of the zero-mean errors) for the unassisted nodes is shoerg

versus time, illustrating the speed with which the EKF-base % % o
distributed estimation algorithm converges and the efiigye % y +
with which it tracks the node positions. As expected, the “*°| ¥ i * ]
centralized algorithm achieves lower average errors isehe 2 w0l |
simulations, since it is given all measurements with noydela &

Note that the centralized EKF rms error increases after4 EMl |
sec., perhaps due to decreasing network connectivity dause§20

by the random node motion. In Figures 2-3 (20 nodes) and 4-5<

(40 nodes), the performance of the approximate algoritems i §*°| T e ||
further evaluated, in terms of the final mean absolute and rms | ‘ ‘ ‘ . Lx 3hops
error, for various choices aiV, and N,. Significant savings 0 2 4 6 8 10

. .. . Number of Measurements per Sufficient Statistics Packet
in communications resources are achieved for smaller salue

of N, and/or larger values ofV,, and there seems to berig 2. Meanabsolute position estimation errors versus sufficientsttei
little degradation in estimation accuracy for SSP bloclesiz packet block sizeV;, with communication over a maximum df;, = 1, 2,
of up to at least\V, = 5. Finally, while the development of " 3 hops, forN, = 20 network nodes

approximate fusion algorithms for time-varying states aod-

negligible communications delays deserves further atent

the distributed estimation algorithms presented here haea ACKNOWLEDGMENTS
shown to provide an attractive choice for EKF-based loealiz
tion in ad-hoc networks of mobile nodes. This work was supported in part by NSF grant No. CNS-
0411321.
IX. CONCLUSIONS APB thanks Dr. James V. Candy for many helpful discus-

A computationally-efficient algorithm for optimal Bayesia Sions regarding nonlinear estimation.
data fusion in mobile ad-hoc networks has been presented.
It was shown that this algorithm leads to practical overaffPPENDIX: EFFICIENT MULTIPLICATION AND DIVISION OF
distributed estimation algorithms which are resourcesiefit, GAUSSIAN DENSITIES
and Wh|c_h are WeII-_sm_ted for use Wlth_ _non-lln_ear measure- £y [10][L1][19], sufficient statistics for the Gaussian
ments. Finally, for distributed node position estimaticaséd density
on range measurements in a mobile ad-hoc network, simula-
tion results show that accurate, efficient node localizatio 1 p(x(n)|Z1) p(x(n)|22)

achieved. Pz = ) 2

(28)
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packet block sizeV,, with communication over a maximum df;, = 1, 2,
or 3 hops, forN,, = 40 network nodes

are given by
P(n|24)7' = P(n|21) " +P(n|2:) " —P(n]23) 7", (29)

%(n|Z4) = P(n|24)[P(n|21)"'%(n|2:)

P (n|Z5) 1%(n] Z2) — P(n]Z9)'%(n|Z5)). OO

REFERENCES

[1] I. F. Akyildiz, W. Su, Y. Sankarasubramaniam, and E. Cayifcsurvey

on sensor networkslEEE Commun. Magazingages 102-114, Aug.

2002.

[2] B. Anderson and J. Mooréptimal Filtering Prentice-Hall, Englewood
Cliffs, NJ, 1979.

[3] Y. Bar-Shalom and T. E. FortmannTracking and Data Association
Academic Press, Orlando, FL, 1988.

[4] Y. Bar-Shalom, X. R. Li, and T. KirubarajarEstimation with Applica-

tions to Tracking and NavigationWiley-Interscience, New York, 2001.

RMS Position Estimation Error (m)

100

9ot * 1
80 * 4
*
70+ B
X X
601 q
sor X 1
40F 1
30r q
201 B
10 X 1 hop
* 3 hops
0 \ \ \ \
0 2 4 6 8 10

Number of Measurements per Sufficient Statistics Packet

Fig. 5. rmsposition estimation errors versus sufficient statistickpablock
size Ny, with communication over a maximum @&, = 1, 2, or 3 hops, for
N, = 40 network nodes

(5]
6]

(7]

(8]
&l
(20]

(11]

(12]

(13]

(14]

(18]

(16]

(17]

(18]

(19]

(20]

(21]

Y. Bar-Shalom and E. Tse. Tracking in a cluttered envinemt with
probabilistic data associatioutomatica 11(5):451-460, Sept. 1975.
A. P. Brown and R. A. lltis. Distributed terrestrial radocation using
the RLS algorithm. InProceedings of the International Telemetering
Conference, ITC 2002an Diego, CA, Oct. 2002.

N. Bulusu, J. Heidemann, and D. Estrin. GPS-less low-cagtioor
localization for very small deviceslEEE Personal Communications
pages 28-34, Oct. 2000.

J. J. Caffery, Jr. Wireless location in CDMA cellular radio systems
Kluwer Academic Pulishers, Norwell, MA, 2000.

S. Capkun, M. Hamdi, and J. Hubaux. GPS-free positionmgibbile
ad-hoc networksCluster Computing5:157-167, 2002.

C. Y. Chong. Hierarchical estimation. FProceedings of the MIT/ONR
Workshop on C3(Monterey, CA), 1979.

C. Y. Chong, E. Tse, and S. Mori. Distributed estimatiamietworks.
In Proceedings of the 1983 American Control Conferenegume 1,
pages 294-300, San Francisco, CA, Sept. 1983.

L. Doherty, K. S. J. Pister, and L. E. Ghaoui. Convex fiogiestimation
in wireless sensor networks. IRroceedings IEEE INFOCOM 2001
volume 3, pages 1655-1663, 2001.

M. Farley and S. Carlson. A new pseudolite battelfield/igation
system. InIEEE 1998 Position Location and Navigation Symposium
pages 208-217, New York, NY, April 1998.

M. Hata and T. Nagatsu. Mobile location using signaésgth measure-
ments in a cellular systemEEE Trans. Veh. Technolvt-29:245-252,
May 1980.

M. Hellebrandt and R. Mathar. Location tracking of meisilin cellular
radio networksIEEE Trans. Veh. Technpbages 1558-1562, Sep. 1999.
R. A. lltis and S. Kim. Geometric derivation of expectakio
maximization and generalized successive interference ttatice algo-
rithms with CDMA channel estimatiodEEE Trans. Signal Processing
51(5):1367-1377, May 2003.

M. Joa-Ng and I.-T. Lu. A novel spread spectrum-baseaissonization
and location determination method for wireless syst#BEE Commun.
Lett, 3(6):177-179, Jun. 1999.

R. E. Kalman. a new approach to linear filtering and pralicproblems.
Trans. ASME J. Basic Eng82:32—45, Mar. 1960.

S. Kim, A. P. Brown, T. Pals, R. A. lltis, and H. Lee. Geddion in ad
hoc networks using DS-CDMA and Generalized Successivefémence
Cancellation.IEEE J. on Select. Areas CommuB3(5):984-998, May
2005.

S. Kim and R. A. lltis. A matching pursuit/GSIC-based @ighm for
DS-CDMA sparse channel estimatiolEEE Signal Processing Letters
11(1):12-15, Jan. 2004.

S. Kim, T. Pals, R. A. lltis, and H. Lee. CDMA multipath chaei
estimation using generalized successive interferenceetiation algo-



[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]
[34]

[35]

[36]

rithm for radiolocation. IrProc. 37th Annual Conference on Information
Sciences and Systen&rinceton, NJ, Mar. 2002.

S. J. Lee, J. Hsu, R. Hayashida, M. Gerla, and R. Bagrdgdecting a
routing strategy for your ad hoc networkComputer Communications
26(7):723-733, May 2003.

X. R. Li and P. Zhang. Optimal linear estimation fusionrtpHl:
Cross-correlation of local estimation errors. Rroceedings of the
2001 International Conference on Information Fusipages WeB1.11—
WeB1.18, Montreal, QC, Canada, Aug. 2001.

X.R. Li, Y. Zhu, J. Wang, and C. Han. Optimal linear estiroatfusion—
I: Unified fusion rules.IEEE Trans. Inform. Theory49(9):2192-2208,
Sept. 2003.

D. D. McCrady, L. Doyle, H. Forstrom, T. Dempsey, and M. iaana.
Mobile ranging using low-accuracy clockslEEE Trans. Microwave
Theory Tech.pages 961-957, Jun. 2000.

R. L. Moses, D. Krishnamurthy, and R. M. Patterson. A-$athlization
method for wireless sensor networkEURASIP Journal on Applied
Signal Processing2003:348-358, March 2003.

A. G. O. Mutambara and H. F. Durrant-Whyte. Estimation andtol
for a modular wheeled mobile robolEEE Trans. on Control Systems
Tech, 8(1):35-46, Jan. 2000.

E. M. Nebot, M. Bozorg, and H. F. Durrant-Whyte. Decelited
architecture for asynchronous sensofgitonomous Robqt$(2):147—
164, April 1999.

N. Patwari, A. O. Hero, M. Perkins, N. S. Correal, and ROJDea.
Relative location estimation in wireless sensor netwolEsEE Trans.
Signal Processing51(8):2137-2003, Aug. 2003.

C. Savarese, J. M. Rabaey, and J. Beutel. Locationindistributed
ad-hoc wireless sensor networks. IEEE Intern’l Conf. on Acoustics,
Speech and Sig. Prqazolume 4, pages 2037-2040, Salt Lake City, UT,
2001.

A. Sawvides, C. C. Han, and M. B. Srivastava. Dynamic fin@ned
localization in ad-hoc wireless sensor networks.Phoceedings of the
Fifth International Conference onMobile Computing and Wartking
(MobiCom) pages 166-179, Rome, Italy, July 2001.

A. Savvides, H. Park, and M. B. Srivastava. The bits argdl of
the N-hop multilateration primitive fornode localizationoptems. In
First ACM International Workshop on Sensor Networksandlisppons,
2002.

|. Stojmenovic. Position-based routing in ad hoc neksor IEEE
Commun. Magazinepages 128-134, July 2002.

R. Vadigepalli and F. J. D. lll. Structural analysis airdge-scale
systems for distributed state estimation and control apmics. Control
Engineering Practice11(8):895-905, Aug. 2003.

A. Wang and A. Chandrakasan. Energy-efficient DSPs foeless
sensor networkslEEE Signal Processing Magazinpages 68-78, July
2002.

W. S. Widnall and G. F. Gobbini. Stability of the decetized
estimation in the JTIDS relative navigation!EEE Trans. Aerosp.
Electron. Syst.AES-19(2):240-249, Mar. 1983.



