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Statistical modeling : A general HMM
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A general Hidden Markov Model
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A general HMM : Observation

Observation : yk = [· · · ]T , composed of the complex scattering coefficients,
measured at frequency fk for various rotation angles θ1, · · · , θKθ

and polarizations
{HH, VV }.
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A general HMM : State

Dynamic state : xk =
[

ǫ
′

k
ǫ

′′

k
µ

′

k
µ

′′

k

]T

, composed of the real (′) and

imaginary (′′) material property components at frequency fk (N elementary
areas),

xk = g(fk , Ψ)
︸ ︷︷ ︸

material model

+ ∆xk
︸︷︷︸

deviation
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A general HMM : State

Parametric material model : g(fk , Ψ) (
∑

Debye relaxation/Lorenzian
resonant terms [BJGD92]) → hyperparameter Ψ.

Spatial/frequency deviation (from model) : ∆xk ∼ AR(1) (with spatial
correlation [GMM13]) given frequential correlation ρk (∼ random walk) :

∆x1 ∼ N (0, P1) and ∆xk+1 = Mρ

k
· ∆xk + wk

where wk : Gaussian noise (E(wk) 6= 0).
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Sequential Bayesian analysis

The problem : estimation on a general state-space model

Static & dynamic estimation : frequent in econometrics,
robotics, telecommunications, etc.

Here : estimate fixed hyperparameter Ψ, dynamic state
∆x1, · · · ,∆xK and dynamic correlations ρ1, · · · , ρK .

Bayesian computational approach : Particle Markov Chain
Monte Carlo

Emerging class of techniques in signal processing & Bayesian
statistics, that combine MCMC & SMC samplers [ADH10].

Central idea : ”exact approximations” of idealized MCMC
algorithms, targeting either the joint or marginal posterior
distributions.
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Particle Marginal Metropolis-Hastings with Inter-
acting Kalman filters

PMCMC choice : Particle Marginal Metropolis Hastings

Approximation of the ideal MMH (Marginal Metropolis Hastings).

Targets the joint posterior distribution p(Ψ,∆x1:K , ρ1:K |y1:K),
invariant distribution of PMMH Markov chain.

Design : a ”multilevel” stochastic algorithm
1 Upper level : Markov Chain Monte Carlo (Metropolis-Hastings)

Sample Ψ
⋆

2 Lower level : Sequential Monte Carlo
Rao-Blackwellization (conditionally Linear Gaussian HMM structure) →

bank of Interacting Kalman filters [DGA00]
Compute marginal likelihood p(y1:K|Ψ⋆) and sample
(∆x⋆

1:K , ρ⋆

1:K ) ∼ pΨ⋆(·|y1:K).

Implementation : adaptive MH [PHH10], tempering phase, kernel mixture, SMC (SIR)
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Illustration (synthetic data)

K = 20 (f ∈ [0.1-12.4 GHz]), Kθ = 100 (θ ∈ [0◦ − 180◦]), dim(xk)=50 × 4,
dim(yk)=100 × 4, Adaptive PMMH [∼ 100 “Kalman” particles].

ΨΨΨΨ

PREDICTION
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Illustration : dynamic part (deviation)

True deviation Estimated deviation
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Conclusion

Bayesian inference for material microwave control.

Particle MCMC simultaneously estimates model parameters
and spatial/frequency deviations, and ”associated
uncertainties”.

Computationally intensive : HPC and/or high dimension
approximations → PMMH with Interacting Ensemble Kalman
Filters.
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