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Cooperative localizatior Benefits
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A Locating nodes with low connectivity
I Less anchor nodes
I Rapid deployment

A Improving accuracy
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Cooperative localization based on distributed Belief
Propagation (BP)
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Cooperative localization based on distributed Belief
Propagation (BP)
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Message Examples
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BRbased Cooperative localizationChallenges

Computationally complicated
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BRbased Cooperative localizationChallenges cont.

A Particle approximation of beliefs with M weighted samples
1 Communication complexity: O(M)
1 Computational complexity: O(N*M)
1 Challenging in mobile devices powered by battery

A Analytical approximation

1 Easy to transmit beliefs low communication cost
1 Analytical computation of messagesow computational cost
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Existing Options

A Gaussian mixture model (GMM) for beliefs [1,2]
9 Reduces communication overhead

A GMM for messages [3]
1 Reduces computational complexity
A Trace of covariance matrix for node position uncertainty [4]

r

A Parametric Belief Propagation

9 Beliefs approximated by parametric functions (typically Gaussian)
91 Easy transmission of beliefslow communication cost

1 Analytical computation of messagedow computational cost

A Existing work based on Gaussian ranging error modelisuitable for indoor
applications.
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Proposed Approachk Basic idea

A Low communication cost
A Low computational cost
A Applicable to norGaussian ranging errocsndoor applications

A Belief representation
1 Locally: particlesxfw},ir m > X = b
{ Inter-nodes: Gaussian approximati(s;,3;) - low communication overhead
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Message Computation
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Proposed Approach Message Computation

o

Y

A For a specifiz; , approximate the distributioi®;f -D (2 3D) by a 1D
Gaussian distribution, i.e., marginalize to the line conne«;3g paAnd
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Message Computation cont.

A mt (@) / p(ri) |z, &) (2)dz”  2-D or 3D integration reduced to-D

A Equivalent to computing the convolution of ranging error distribution and a
univariateGaussian distribution

A Efficient to compute

A Closedform (analytical) O(N) complexity with proper ranging error models
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Experiment Platform Wireless Adhoc System for
Positioning (WASP)

A Timeof-arrival (TOA)

A 5.8 GHz ISM band

A 125 MHz bandwidth

A 10Hz updating rate

A Ad-hoc network for fast deployment

A < 0.25m error for outdoor applications
A typically < 1 m for indoor applications

A Data recording for offline processing, useful for academic study and
algorithm design
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Wireless Adhoc System for Positioning (WASP)
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Commercial Application Sports Tracking
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Underground Mining
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Experimental Setup
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Empirical ranging error distribution in the experimental
area
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Proposed statistical ranging error model-JAsymmetric
Gaussian model
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Proposed statistical ranging error model-Asymmetric
double exponential model
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Proposed statistical ranging error model-Shifted
Rayleigh model
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Fitting the recorded ranging error to the proposed
ranging error models
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Experimental Results belief and message approximatior

A Gaussian belief approximation
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Experimental Setup
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Experimental Results Position error CDF
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Experimental Results Tracking
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Experimental Results Tracking error CDF
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Conclusion

A An efficient cooperative localization framework based on parametric belief
propagation, applicable to indoor systems

A Gaussian distribution approximation for beliefs exchanged between nodes
A Analytical approximation for efficient pe¢o-peer message computation

A Multiple asymmetrical ranging error models that renders clofath
expression for peeto-peer message computation

A Low complexity, high accuracy

A Experimental validation
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— D



