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Novelty and Contributions Performance Evaluation

Localization from a NEW Perspective s Use MDS-MAP[3] (the state-of-the-art localization approach) as the reference.
= Treat the sensor localization problem as the dual of target tracking = The result reported here Is for a sensor network with irregular topology, in which
| _ _ _ o sensors are deployed around a lake.
= A moving location-aware location assistant (LA) periodically
broadcasts beacons while it moves around the sensor field. Each Landscape vs. MDS-MAP(P.R) (Results for 10% range error)
sensor passively observes the beacons.
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m Each sensor individually “tracks” its own position using a UKF T T o L gt e f e
(Unscented Kalman Filter) [1] based algorithm. o 087 RN o 087 o
Advantag eS sooozgogi L} ) 1 5oo‘d>, 5oo®§>®2i " G_
= High accuracy, good scalability. A P
2006 L 9 \\\\ ///@(50 . o 4 2008 2000 4 B O ) é@ o 9
s ZERO sensor-to-sensor communication cost, low computation cost. o oW 00T o T 0 0 0 S wro ¥ BT 0 o l
ole 0 B 0 Fo g, °° 90”9 | o\.o.E,@‘?mﬁ@@@@a °°  8%° ¥
= Robust to node densities, network topologies, and ranging errors.
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m Low cost; the cost of a single LA Is amortized on each sensor node. o
(connectivity = 32.970)

(Results for 60% range error)
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P with 40% time measurement error with 20% time measurement error

Landscape

Online dynamic state estimation:

Mean Position Error

= The state (3D position) of the ith sensor at the nth iteration Is: % E
Xi(n) = {Xi1(n), X;2(n), Xi3(n)}. The improvement of Landscape(T) o
= For static sensors, the state and observation equations are: over Landscape |:> 2@
Xj(n+1) = xj(n) + w;(n), B E
yi(n) — ((A Xil(n))2 T (A Xiz(n))2 T (A Xis(n))z)ll2 T Vi(n)’ 100
where y;(n) Is the observed distance between the nth beacon and the

ith sensor, A x;,(n) = xP,(n) - X;;(N), A x;,(n) = XP,(N) - Xi,(N), A x;5(N) = Range Error (%)
XbS(n) B X|3(n)1 and (Xbl(n), sz(n), Xb3(n)) IS the 3D pOSItIOn Of the nth Time Measruement Error (%) 100 0

beacon. w;(n) and v;(n) are noise sequences.

Unscented Kalman Filter (UKF) based algorithm:

Summary

Neighborhood-measurement-based  Landscape Landscape(T)

= The UKF [1] embeds Unscented Transformation (UT) into Kalman
Filter’s prediction and update structure.

= The basic idea of UT Is to represent the state distribution by a minimal
set of carefully chosen sample points (sigma points).

= Best choice for our system: UKF is able to elegantly resolve the above
nonlinear problem with higher accuracy and/or less computation cost

localization methods

Accuracy From low to high, depending on High. Higher.
algorithms as well as node densities.
A high accuracy is usually at the

than other KF variants or Bayesian techniques. cost of high computation cost.
Landscape(T) VS. Landscape: Scalability Depends on algorithms, from low High. High.
(centralized) to high (distributed).
= |nour previous work Landscape [2], beacons contain LA’s locations Computation cost From low to high, depending on Low. Low.
and transmission powers only, the RSS (received signal strength) algorithms as well as node densities.
measurement is utilized. Communication High to very high. Zero. Zero.
= Landscape(T) adds a new observation equation: COSt (sensor-to-sensor)
Ati(n) - (yi(n) — Yi(n'l))/ C+ Vit(n)’ Robustness to Weak . Strong, independent of | Strong, independent of
: N iti logi iti logies. densities/topologies.
where At;(n) the difference between the traveling times (from the LA densities/topologies densities/topologies enstties/topologres
to a sensor node) of two consecutive beacons. This TDoA (time Robustness to range | From W_eak to strong, depending Strong. Stronger.
difference of arrival) based new observation is delicately designed so error on algorithms.
that no time synchronization is needed. Ranging techniques RSS, ToA, TDoA, or AcA RSS RSS + TDoA
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