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Audiovisual speaker tracking

Observation

Observation model:

T
Y = |:yA,k yv,k] = h(xk) + wg

RAA RAV

w,=N(0,R), R=
( ) Ryx Rw

4/16



Audiovisual speaker tracking

Update step (standard Kalman filter)
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Audiovisual speaker tracking

Update step (Kalman filter with dynamic stream weights?)

Observation model:

Yak = ha(xx) + Wa k, Wak= N(0, Ra) |
Yo,k = hv(xk) + Wk, Wyk= N(07 va)

) -
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Audiovisual speaker tracking

Update step (Kalman filter with dynamic stream weights?)

Observation model:

Yak = ha(xx) + Wk, Wak= N, Ryy) |
Yo,k = hy(xi) + Wy ky, Wy k= N(0, Rw)

Ak
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Acoustic model Visual model
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Inference

Extended Kalman filter approach: first-order Taylor series expansion
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Prediction step (identical to standard EKF)
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Inference

Extended Kalman filter approach: first-order Taylor series expansion

ah{A,v} (Xk)
6Xk

h{A,v} (xk) ~ h{A,v} (xk) + H{A,v},k(xk — Xx), H{A,v},k =

Xk:)A(k
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Update step
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Evaluation |
Experimental setup

» KAVTraC audiovisual dataset, recorded in an office
room at RUB using the Kinect sensor (7 speakers,
Téo ~ 350ms, 35 min. duration).
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Experimental setup

» KAVTraC audiovisual dataset, recorded in an office
room at RUB using the Kinect sensor (7 speakers,
Téo ~ 350ms, 35 min. duration).

» Constant velocity linear dynamics model and
nonlinear rotating vector observation models.

» DSW-EKF uses Dirichlet-prior oracle DSWs?.

» Four baseline systems: standard EKF, one
KF-based and two particle filter-based systems.

P Leave-one-out cross-validation paradigm.
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Evaluation |

Results

3T. Gehrig et al.: Kalman filters for audio-video source localization, WASPAA, 2005
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Learning dynamic stream weights

Standard approach: Supervised training with oracle dynamic stream weights
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Learning dynamic stream weights

Proposed approach: Training with natural evolution strategies

Audio features — " B|3ck-box
Video features ——
Speaker positions ——
Realiability measures ——

optimization
h(zy | w)

» No oracle information required.

» Flexible choice of loss/fitness function.
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Training procedure®
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Conclusions and outlook

» DSW-based audiovisual speaker tracking frameworks can be extended to cope
with nonlinear systems.
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Thank you for your attention!
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