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Example: Short baseline code-based positioning
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Example: Short baseline code-based positioning



Number of iterations as function of stopping threshold



BBI-BLUE error as function of stopping threshold



BBI-BLUE error as function of time interval



Missing satellites dictating rate of convergence



Missing satellites dictating rate of convergence



Advantages

• No need to factorize a new reduced normal matrix for every missing-data pattern. 

• Preserves complete-model structure: analytical inverses, sparse/block/Kronecker structure, existing software, etc. 

• Cheap implementation: only applications of products              and              are required.

• Warm starts are possible: previous epoch/solution can initialize the next adjustment. 

• Residuals are generated naturally, making overall model testing inexpensive to add. 

• Converged to exact solution, not approximate

BLUE–BLUP Iteration: Exploit the Complete Model to Solve the Incomplete Model
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Direct solution favourable if: 
small model (n), fixed missing pattern, cheap factorization, large information loss
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BLUE–BLUP Iteration: Exploit the Complete Model to Solve the Incomplete Model

Direct solution favourable if: 
small model (n), fixed missing pattern, cheap factorization, large information loss

BBI converts a difficult changing model into repeated use of an easy fixed model

BBI is most useful when structure is stable, but data availability is not



Example: Array code-based positioning

Planar array, with 10 arms, each having 100 
antennas, 1 metre apart



EM=Expectation-Maximization; MM= Minorization-Maximization
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