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Audiovisual speaker tracking

Observation

Observation model:

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

Update step (standard Kalman filter)
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Audiovisual speaker tracking

Update step (standard Kalman filter)

Observation model:

.
Yi = [yA,k yv,k} = h(xk) + wk

RAA RAV

Wk:NO,R, R =
( ) Rix Rw

Xk

= XEKF, k

Ya k
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Audiovisual speaker tracking

Update step (Kalman filter with dynamic stream weights?)

Observation model:

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

) -

1
C. Schymura et al.: Extending linear dynamical systems with dynamic stream weights for audiovisual speaker localization, IWAENC, 2018
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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 (x) + Wy ky, Wy k= N(0, Rw)

Ak

P(xk| Yo Yok) o pOxic| Yakot1, Yoke1) PYVa k| XK)™ POy s | xK) 2

Acoustic model Visual model
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Inference

Extended Kalman filter approach: first-order Taylor series expansion
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fxk—1) = f(xk—1) + F(Xk—1)(Xk—1 — Xk—1)
= P(Xk| Xk-1) = /\/(Xk\ f(Xk—1) + F(Xk—1) (Xk—1 — Xk—1), Q>

= p(Xi| Yar—1, Y1) ZN(Xk\?k—l, Ek—l)

Prediction step (identical to standard EKF)

Xpjk—1 = F(Xk—1)
Of (xk—1)

Oxg—1 Ix—1=%—1

k1 = Fkea Sk 1 FL_, + Q, Fi1 = F(x-1) =
|
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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

= P(YaviklXk) = N(y{A,V},IO | Ay (Xk) 4 Hia vy i) (X — X)), R{AN})

Update step

KA « _ [Rat AkH,{_kEk‘k,lHX_k a- )\k)HA‘kXAJk‘,A(,lH\T,‘k
Kk MRy o1 Ha e R+ (1= X)Hy S e HY

Xk = Xpjk—1 T )\kKA,k(yA‘k = hA(j(k)) 4 (1= )\k)KV,k<yV‘k = hv(ﬂ))

Sike1 = </ — McKa kHa  — (1 — Ak)Kv.kHv,k>2k\k—1

8/13



Inference

The system of linear matrix equations in Eq. (1) can be expressed as
. T -1 T.
[KA,k Kv,k} = [RJF UkaUk} [HA,k Hv,k} k-1

A 1 — g

R = blkdiag(RA, RV), Uk = bLkdlag(HA ks HV k), Wk =
' ’ A 1 — g

9/13



Inference

The system of linear matrix equations in Eq. (1) can be expressed as
T T T T -1 T .
(K K4 = [R+ U] [Hue Fui] S

A 1 — Ak -

R = blkdiag Ry, R.), Ui = blkdiag(Hu, Hy. W= | (K~ ¥ @ S
k - Nk

Modified Kalman gain computation using the binomial inverse theorem?
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Modified Kalman gain computation using the binomial inverse theorem?

- R*IU,(I‘;(UZR*] [HA,k Hv,k]Tz‘:k‘k,l, Ty = Wk(l+ U[R—lukwk)_1

Complexity w.r.t. matrix inversions: (9<8D§> vs. (9((DyA aF Dyv)3)
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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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Evaluation
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 DSWs3.

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

P Leave-one-out cross-validation paradigm.

3C. Schymura et al.: Audiovisual speaker tracking using nonlinear dynamical systems with dynamic stream weights, arXiv, 2019
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Evaluation

Results

4T. Gehrig et al.: Kalman filters for audio-video source localization, WASPAA, 2005
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S. Gerlach et al.: 2D audio-visual localization in home environments using a particle filter, ITG Symp., 2012

6X. Qian et al.: 3D audio-visual speaker tracking with an adaptive particle filter, ICASSP, 2017
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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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» DSW-based audiovisual speaker tracking frameworks can be extended to cope
with nonlinear systems.
» Complexity of update step adaptable to application.

» |deas for future work:

» Nonlinear dimensionality reduction for audiovisual observations via encoder networks.
> Joint optimization of model and DSW estimation in a deep learning framework.
» Extension to multi-speaker scenarios.

Thank you for your attention!
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