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EM Duct in Sea-borne Radar Applications
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“eanatet Effects of Ducting
Why do we care about it?

What are the effects on EM Propagation?

Blind Zones (Radar Holes)
Height Error for 3-D Radars
Clutter Rings

Extended Range
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Marine Boundary Layer EM vs Acoustic Inversion
Humidity & Temperature Profiles
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M-profile
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Estimation of the M-Profile

Conventional Duct Measurement Techniques

- Bulk Measurements (radiosonde, helicopter soundings, etc)
- Numerical Weather Prediction Models

Alternative Method

- Refractivity From Clutter (RFC)
1. No ship based equipment or measurement

2. No additional signal, Inversion is performed the data acquired
during the normal radar operation

3. Near real-time range dependent refractivity profile
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=, RFC as an Inversion Problem ‘
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A, Desired Quantities \Cx,
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N-Dimensional Posterior Probability Density

p(myjd) = [[[ ... [ p(m|d)dm,dm,....dm, ,dm,_,....dm, \

m; j#i

L =<Mm. >= Imi p(m‘d)dm Marginal Posterior Probability Density
m

o) = j(mi — 1) p(m‘d)dm

Exhaustive ?

GA?
How are we going to get PPD, p(m\d) i> MCMC ?

Other ?
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Efficient Sampling Techniques — Markov Chain Monte Carlo

MCMC are algorithms that are mathematically proven to sample the state space in such
a way that PPD can be found using these few samples. (Metropolis — Hastings

Algorithm, Gibbs Sampling, Slice Sampling,...)
Metropolis Algorithm :

m,

L(m|d)




GRNE TSI, MCMC Techniques

LasgRaToRY

p(m,|m,)

Gibbs Sampler

New point always accepted
as the new sample

v

Gibbs and Metropolis Samplers
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Metropolis Sampler

New point accepted only
if it passes the Metropolis
acceptance test
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lllustration of How the Algorithm Works

Burn-in
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Initial Sampling m,



.@"W GA-MCMC Hybrid Method

We know the conditional density
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RESULTS

CASE | Bayesian — classical parameter estimation comparison

CASE Il Comparison of 5 different methods:
Exhaustive / GA / Metropolis / Gibbs / Hybrid

CASE |lIl Application to experimental measurements
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Frequency: 2.84 GHz Mixed Layer Slope : 0.13 M-units/meter
HPBW: 0.4° Inversion Layer Slope : -2.5 M-units/meter

CASE |l - 4 Parameters

Thickness : 40 meters

Thickness : 20 meters

Top Layer Slope : 0.118 M-units/meter (constant)
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RELA ST Comparison

Probability

ML Solution Distributions
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Wallops Island Experiment, Apr 1998 wg\’
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EXPERIMENTAL RESULTS
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Obtaining other parameters-of-interest

N-Dimensional u= f(m)
p(m|d)

» Draw a large enough no of samples
ﬂ {m;, m,, ms, ...., m} from its own

distribution, the n-D PPD.

 Using u; = f(m,) obtain the set

{ug, Uy, Us, ..., U
HF‘D'F(egion
I=r o If the set {m,, m,, mg, ...., m;}
represents the PPD, the
{uy, Uy, Ug, ...., U} can be used to

obtain PPD, and/or any other
statistic of u.
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Experimental Data - 4 Parameters
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» RFC is an alternate way of measuring the duct properties. It provides us not only with the

parameter estimates but also with the n-dimensional posterior probability density (PPD).

» This PPD can be used to analyze uncertainties in the parameter estimates, by providing marginal

probability distribution, mean and variance of each parameter.

» The GA-MCMC Hybrid method gives high accuracy while being at least 10 times faster than the
classical MCMC.

Future Work :
» Accuracy analysis of the hybrid method.

»  Simulations with higher number of unknowns, especially to include range dependence.

THANKS...

Some of the figures are taken from AREPS user manual
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