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CHALLENGE

Multidimensional coevolving time series:
Motion Capture sequence
Temperature/humidity monitoring

Daily Chlorine level measurement in drinking water system

Big challenge:
Missing observations
Mining with missing values
Find hidden patterns
Use of hidden patterns
Forecasting
Compression
Segmentation
Clustering

and more ...
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MISSING VALUES IN MOCAP
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GOAL

We want recovering, mining and summarization
algorithms to be:

Effective: low reconstruction error, agreeing with human
intuition (e.g. natural reconstructed motion for mocap)

Scalable: to time-duration T of the sequences.

Black-outs: It should be able to handle “black-outs”, when
all markers dissappear (eg., a person running behind a
wall, for a moment).

Automatic: The method should require no parameters to
be set by the user.
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OUTLINE

Scenario and Motivation

Proposed Methods - DynaMMo -

Experimental Results

Conclusion

Recovering missing
values

Compression and
summarization

Forecasting
Segmentation
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SCENARIO: MOTION CAPTURE

Motion Capture:
Markers on human actors
Cameras used to track the 3D

NEWRSHO higher than

positions g NS0

Duration: 100-500
93 dimensional body-local

coordinates after preprocessing (31- "‘
bones)

Challenge:
Occlusions

Other general scenario:

Missing value in Sensor data: Out of
battery, transmission error, etc

Unable to observe, e.g. RMTSQS:RMT{MWB&LMU

. . . RRSTBEEF STBEEF
historical/future observation Beste
From mocap.cs.cmu.edu

—=RTHI higher than LTHI
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(OBSERVATION AND MOTIVATION

Dynamics:
temporal
moving pattern

Left Hand

Correlation
among multiple Right Hand
markers

Use both Left Foot
dynamics and
correlation to
solve occlusion. Right Foot
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THE UNDERLYING TIME SERIES MODEL
LINEAR DYNAMICAL SYSTEMS

N(z0 M)

GN(F 2, Qevu: Z,, aN(F Z, e N(F-z,, r)

N(G- z‘ 2) N(G- z' 2) NG 2312) N(G-z, 2
D ) @ @

Model parameters: Z1 = Zo+Wo
0={zo, I, F, N\, G, Z} Zn+1 = F-Zn+Wn
Xn = G+Zn+€n




DYNAMMO RECOVERING ALGORITHM

Expectation Maximization
Intuition:

Finding the best model parameters (0) and missing

values for X to minimize the expected loglikelihood:

Q) = Ex, zx,wl—D(z1,z20,T)

T
— Z D(zf: sz—lﬁ F)
t=2

N
— ) D(xt,Gz, %)
t=1

~L1ogIr) - T L1og ] - L1og [z

See details 1n paper
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DYNAMMO INTUITION:
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DYNAMMO COMPRESSION: INTUITION

observations w/ missing values

X

V'

: and model parameters
5 1015 20

Same idea could be used in segmentation and forecasting
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EXPERIMENT
Dataset: 1
Chlorine: Chlorine level in drinking water system oA

. . . 04 VAN AN NA AN AN VA A
- Duration 4310 time ticks |r NAARARAARA AR
02 |II|||I Il \/ |||' '||| I 1] '||I [/ \[\/ '||' [ 1]
IR Uy yu IR ._Il V| \
- 166 sequences % S0 1000 1500 2000

Mocap: full body human motion capture dataset
- 58 motions

- each with duration 100-500, 93 dimensions

- marker positions in body local coordinates

Occlusion: random mask out

Baseline:

linear interpolation and spline

MSVD:
- Missing value SVD algorithm
- EM flavored version of SVD.
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RESULTS

Reconstruction Error for random mask out
Scalability: computation time to duration
Forecasting case study

Compression: error versus space

Segmentation for synthetic and real data
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SCATTER COMPARISON: DYNAMMO vS MSVD
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DYNAMMO SCALABILITY
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DYNAMMO FORECASTING :‘g”
3

Actual Data
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DYNAMMO COMPRESSION
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DYNAMMO SEGMENTATION a
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MOCAP SEGMENTATION
RUNNING TRANSITION MOTION (MOCAP#16.8)
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RELATED WORK

Time series representation and Indexing
o using trajectory features (e.g. velocity), [Mehta, Parthasarathy, Machiraju, o6]
o Symbolic representation (SAX)(Lin, Keogh, Lonardi, Chiu, 2003], 1SAX|Shieh, Keogh,

2008],
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(o] llIlifOI'lTl scaling indexing, [Keogh, Palpanas, Zordan, Gunopulos, Cardle, 2004]
Time series classification
Skew distribution and concept shifts, [Gao, Ding, Fan, Han, Yu, 2008]

Outlier detection
TARDO:sub-trajectory anomaly detection, [iee, Han, Li, 2008]

Missing value recovery
interpolation (e.g. spline) and autoregression models
PCA [Park, Hodgins, 2006]
Missing Value SVD [srebro, jaakkola, 2003]
mixture of local linear model [Liv, McMmillan, 2006]
(Gaussian process [Lawrence, Moore, 2007]
Human motion specific models, e.g skeleton based [terda, Fua,

PlAankers, Boulic, Thalmann, 2000]
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CONTRIBUTION

We propose algorithms DynaMMo for -

DynaMMo meets all goals:

Effective: low reconstruction error, agreeing with human
intuition (e.g. natural reconstructed motion for mocap)

Scalable: computation time linear to length/duration T of

the sequences.

Black-outs: able to handle “black-outs” when all markers

dissappear.

Automatic: The methods should require few parameter to

be set by the user.

Recovering missing
values

Compression and
summarization

Forecasting

Segmentation
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