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sible to circumvent some of the problems of the annihilatinghere \ is de ned in (28). Taking the antilog on both sides
Iter and root- nding approach [5], [12]. We introduced theyields

Gibbs sampling algorithm tond the locations and augmented

this with a least squares approach tal the weights. From the

performance plots on both synthetic and real signals, we observe

po 0 ..y M xg NFD p(

-)

the Gibbs sampler performs very well as compared to the anwihich is the square-root inverted-gamma distribution with pa-

hilating Iter method, which is not robust to noise.

rameters given by (27) and (28). All the densities have been

Perhaps the most important observation we made is the fderived.
lowing: The success of the Gibbs sampling algorithm does not

depend on the choice of kerrtel , butratherthei.i.d. Gaussian
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APPENDIX
DERIVATION OF THE CONDITIONAL DENSITIES
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We start from the log-likelihood of the parametérgiven the
datay and modelM [see (17)]. To obtaip ¢, 0 ,,y, M ,
we treat the other parametdts , as constant, giving

For brevity, we dene
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Comparing this expression i), to the Gaussian distribution
with meany and variancer
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and equating coetients, we obtain (21) and (22). The distribu-

tionp 6 ,,y, M canbe obtained similarly and is omitted.
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