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Stochastic Filtering of Motion Trajectory
Using a Self-organizing State Space Model

NAOYUKI ICHIMURA*

Observation noise and outliers are normally contained in motion trajectories obtained by
tracking feature points in image sequences. A stochastic filtering based on state space model
is used to reduce the effect of observation noise and outliers. To carry out proper state estima-
tion, time-dependent hyper-parameters governing state estimation should be determined in
accordance with motion of feature point. A self-organizing state space model is introduced to
estimate hyper-parameters. In the self-organizing state space model, feature coordinates and
hyper-parameters are included in state vector and they are estimated simultaneously online.
Since Monte Carlo filter is used for state estimation, linear approximation for nonlinear model
is not needed. Experiments are done to consider the usefulness of the proposed filter.
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72 = 0.01 and o2 = 50.0.
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different hyper-parameters.

(1)
; i «
Pr (fil) - pgl)) = w1
o+t oy

Step 2-102-20 0000000000000 100
000000000 0Step 2302-40000000
y,0 1000000 Hp{® 00000000000
0000000 (10)000000001000000

ooo &#?élmmmmmmmmmmmmmmm
0000000000000000000000000
000000000000000000000000
000000000000000000000000
oooo

3.2 MCFOOOOOOOOOOOOOO
Step 2-4000000000000000000
000000000000000000000000
000000000 (10)@M000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
oooo

0200000000000000 200000
000000000000000000000000
0 -1000000ADD00BOOOOOOOODO
0000000000 A0DDOOOOOO0DO000
000000000000000000000000
05000000 BO0000OO0OO00OOOOO0
000000000O0OMCFOOOOOODOO0OOO
000000000000000000000000
ooooo

4. DO0OO0OO0OOODOOOO

MCFOOOOOODDOOOOOODODOOOOODOD
000000000000000000000000
0000000000000 D0OoOoooool™~9g

gooooooooooooboooooooboobooobooooo 95

Outlier

( brupt change

03 0D00000D0OO00D0DOO0O0O000O0DO
Fig.3 Tradeoff between outlier rejection and tracking
abrupt changes in motion.

000O0D000000000 C(0,0%°) 00000
g
m{w? + o2}
00000000000000000000000
000000000D00000000000000
000000000000000000000000
0000D00000000000000000000
00000000000 Step2-300 (1000000
000000 (1000000000 », 0000000
00o000D0D0O00o0o0ooo0on pY ooooo
01000000 Hp! 00000 y, 00000
000000000000000000000000
000000000000000000000000
o (w;m,,,¥) 0000000000000000
000000D000000000000000000
000000000000000000000000
000000000000000000000000
0000000D0000000D0000000000
0000D0000000000000000000
000000000000000000000000
000000000000 000000000000
000000000000000000000000

r(w;0,0%) = (12)

5. O g

oooboooooooooobooboooooooooo
goobooooooboobooooo

5.1 ODODOODOODDOOOOOO0OOODOO
4000000000000000O0O0C0O0O0O0O0
gbooooooooooobooocooooooon
gboooooooooobooooooooooooo
gobooobobooooobooooo 3mooon
bootcobooooooooooooooooooo
goobooooooooboooboboooobooboobooon
gobobooooooooooooobooonoooboo
gobooooooobDooooooooooobooo
goboooobooobooboboobooobobboooobooo



96 oooooooooooOOoOooOoOoooboooOoooooooboo

500

"True lraje‘ctory‘
Observation

>300 [ e

00 - . . . .
95 100 105 110 115 120 125 130
X

04 DODOOOOOOODODOODOOOODOODOODOOODOO
00o0000ooooOoooOoooooo

Fig.4 Synthetic data used in the experiment. The solid
line represents the true trajectory and the dotted
line represents observation with noise and outliers.
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posed filter, hyper-parameters determined for

Kalman filtler and MCF, and mean squared error

(MSE) between estimated and true trajectories of

both filters.
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Fig.5 Filtering results for synthetic data. (a) proposed

filter, (b) Kalman filter, (¢) MCF with hyper-
parameters estimated offline. The dotted line rep-

resents observation and the solid line represents es-
timation result.
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Fig.6 Error in coordinates for synthetic data. Abscissa

represents time. (a),(b): error in x and y coordi-
nates for the proposed filter, (c),(d): error in z and
y coordinates for the Kalman filter, (e),(f): error
in x and y coordinates for the MCF with hyper-
parameters estimated offline. Vertical lines show
when outliers (¢=15,30,75) and abrupt change in
motion (t=50) occur.
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Fig.8 Synthetic data used in the experiment. The solid

line represents the true trajectory and the dotted
line represents observation with noise and outliers.
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computed in the Section 5.1 were used to process
this data.
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timation result.
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log 10 (0'2), in the filtering.
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Table 2 Hyper-hyper-parameters determined for the pro-

posed filter, hyper-parameters used for Kalman
fitler and MCF, and mean squared error (MSE)
between estimated and true trajectories of both
filters.

Proposed filter Kalman fitler
2 2 2 2

v I3 MSE T o MSE
0.006 0.034 0.177 0.20 8.5 0.439
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72 o? MSE
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Fig. 13 Errors in recovered rotation angles: roll, pitch and

yaw. (a) Errors in rotation angles obtained from
observation, (b) Errors in rotation angles obtained
from estimated trajectoies.
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Fig. 14 Snapshots of the eye tracking image sequence. The

arc in pictures shows the estimated eye position
obtained from the proposed filter.
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Fig. 15 Changes in hyper-parameters, velocity and filtered

100
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X

trajectory. (a) Changes in hyper-parameters. (b)
Changes in feature velocity [pixels/frame]. (c) Fil-
tered trajectory and observation. The solid line
shows the estimated trajectory and the dotted line
shows the observation. (d) Filtered trajectory of
the Kalman filter and observation. The solid line
shows the estimated trajectory and the dotted line
shows the observation.
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