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Introduction
•Wireless acoustic sensor network (WASN)

◮Task: Sensor network for cooperative signal processing
◮Problem: Diverging clocks cause sampling rate mismatch

•Our Approach
◮Clock frequency deviation and phase offset “measurement” via

time stamp exchange between nodes
◮Postfiltering of measurements by Kalman filter

•Here: Online estimation of parameters of Kalman filter

measurement equation (observation error model)
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•Sensor node frequencies given by fM = (1 + ǫ)fS
•Two-way message exchange algorithm [Chaudari 2012] to
estimate frequency deviation ǫ(k) and phase offset ϕ(k)

ǫ̃(k) ≈ ǫ(k) +
(ξR,k − ξR,k−1) + (ξA,k−1 − ξA,k)

(tR,k − tR,k−1) + (tA,k − tA,k−1)︸ ︷︷ ︸
vǫ(k)

= ǫ(k) + vǫ(k)

ϕ̃(k) ≈ ϕ(k) +
1

2
(ξR,k − ξA,k)︸ ︷︷ ︸

vϕ(k)

= ϕ(k) + vϕ(k)

Observation error model
•PDF of error term vǫ can be approximated by GMM
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πǫ,kN
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vǫ; h · µǫ, σ

2
ǫ
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•Large-scale error (h · µǫ): MAC, timeouts
•Small-scale error (σ2

ǫ ): random variations
• Idea: Identification of large scale error via Kalman Filter

◮Assumption: Kalman filter prediction ǫ̂(k |k − 1) is close to true
value ǫ(k)

|ǫ̂(k |k − 1)− ǫ(k)| ≪
1

2
µǫ,

◮Large-scale observation error can be uniquely determined

EM Parameter Estimation

•To be estimated: Θǫ = {µǫ; σ
2
ǫ ;πǫ}, Θϕ

•Hidden variables
◮ ǫ(k): True frequency deviation
◮cǫ(k) ∈ [−h, h]: Mixture label underlying k-th observation ǫ̃(k)

Expectation Step

•Compute posteriors of hidden variables
◮Kalman filter: ǫ̂(k |k − 1)
◮Posterior probability of mixture component

γh(k) := P(cǫ(k)=h|ǫ̃(k), ǫ̂(k |k−1); Θ(κ)
ǫ )

=
N (ǫ̃(k); ǫ̂(k |k−1) + hµ

(κ)
ǫ ,

(
σ2
ǫ

)(κ)
) · π

(κ)
ǫ,h∑M
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(κ)
ǫ , (σ2
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(κ)
) · π

(κ)
ǫ,m

◮Uses state prediction of Kalman filter: ǫ̂(k |k − 1)

•Class label of most likely hypothesis: ĉǫ(k) = argmax

h
{γh(k)}

•Kalman filter is fed with observations: z(k) = ǫ̃(k)− ĉǫ(k) · µǫ

Maximization step

•Auxiliary function using approximations

Q(Θǫ; Θ
(κ)
ǫ ) ∝
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k=1
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h=−M

ln
{
πǫ,hN (ǫ̃(k); ǫ̂(k |k)+ĉǫ(k)µǫ, σ

2
ǫ (k))

}
γh(k)

︸ ︷︷ ︸
Qk(Θǫ;Θ

(κ)
ǫ )

,

•Parameter update of weights, mean and variance

π
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1
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•Replace iterative block EM by recursive online EM

Θǫ(k) = Θǫ(k − 1) + τ · ∇Θǫ
{Qk(Θǫ; Θǫ(k − 1))}

∣∣∣
Θǫ=Θǫ(k−1)

Simulation results
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Conclusions
•Derived online EM algorithm for estimating observation

error model parameters
• Integration of Kalman filter predictions into the expectation

step of the EM algorithm
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