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National Ignition Facility

World’s most energetic laser (192 laser beams, a total of 1.8 MJ Energy)

A large amount of radiation is produced and recorded.

Data analysis offers insight into the state of the matter.

Data is corrupted by noise and instrumentation mis-
calibration.

Inferring the true original signal is key to correct physical
interpretation.
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le stitch

select the trace with best signal to noise ratio (SNR).
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Proposed: Data fusion

(134

Signal at time “k” from the scope “i” (N data, M signals)

yi(k) = Ais(k) + ni(k)

Known values:
measured traces - Y,
measurement noise - 0,
initial A° estimates
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Variables to determine:
true signal - s(k)
true attenuator values - A
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Signal distribution

Bayes theorem
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Empirical Bayes for o, determination

Calculate the marginal distribution over A,
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lterative algorithm

1. Start with the best weighted stitched signal
2. Estimate the unknown signal ‘s’

§ = argmin|—log(P(s|y;, i, Ai))]

S

3. Estimate the value of o, by minimizing the marginal
ga = argmin|—log(m(s|y;, o, Ai,o4))]
TA

4. Estimate the attenuations
N s(k)yi(k) A
o M + il 8
A; = argmin|[—log(P(A;ls, yi,0i,04))] T — 2k=1 oF T . A0
Aj; N s(k)2 + A o4—0 &

5. Repeat 2-4
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Minus Log-likelihood
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netic data
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Summary

Hardware mis-calibration and instrumentation noise affects negatively the
guality of the original signal estimation.

Simultaneous estimation of the signal and hardware calibration values is
necessary.

Empirical Bayes approach offers a valid alternative for solving a difficult
optimization problem.
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