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Assistive Kitchen Scenario

Sensor-equippedkitchen
environment withmobile robot
assistant) assist humans in
everyday tasks, enable them to
stay independent, improve their
quality of life.

Observing human activitiesis
important to understand their
intentionsand predict their
actionswhile interacting. Also
enableslearningfrom
observation/demonstration.
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Assistive Kitchen Scenario
Observation of Table Setting Task

Challenges:
I Unintrusive (markerless) tracking of manipulation actions
I Interaction with the environment (incl. occlusions)
I Knowledge-based action modeling and interpretation
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Assistive Kitchen Scenario
Multi-level Action Modeling

Goal: Deep understanding of human manipulation activities
through multi-level modeling
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Assistive Kitchen Scenario
Main Focus of this Talk

Goal: Deep understanding of human manipulation activities
through multi-level modeling
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Anthropometric Human Model
Inner Model

I Pose parametrization via joint angles (65 DOF)
I Precise correspondence of inner joints with real human

skeleton) well-suited for motion analysis
I Biomechanical motion limits) physiologically realistic postures
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Anthropometric Human Model
Outer Model

I Precisely adaptable to di�erent body types and gender
I Accurate but not to complex appearance (< 2000 triangles)
I Realistic display of most possible poses
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Anthropometric Human Model
Optimizations for Tracking

I Ergonomically sound interpolation of spine to reduce
dimensionality) 51 DOF (including hand and feet)

I Caching of body part relative pose calculations
) Highly e�cient when used with hierarchical particle �lters

I Inter-frame motion limits from sport science
) reduced search space

I Principal Component Analysisof model parameters
) easy model adaptation
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Tracking - Problem Description

jTaskj

Recursively �nd the best-matching human pose given an initial
estimate and a series of image observations from video.

No markers! Unconstrained motions!

Di�culties:
I High-dimensional search space
I Non-linear motion and observation models
I Lots of local maxima
I 3D tracking from 2D observations

) Multiple cameras to resolve self-occlusions
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Bayesian Tracking

Goal: Estimate theposteriorprobability density function (pdf)
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Particle Filtering

jSampling Importance Resampling (SIR) j

Approximateprobability density functionp
�
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Motion Model

jMotion model j

xt = xt � 1 + N (0; � 2)

I Constant pose assumption with body-part dependant
Gaussian di�usion

I No training involved
I Tracking at 25 Hz (!)
I Standard deviations for joint angles from 0:5 deg (spine) to

38 deg (forearms)

) ability to track arbitrary, previously unobserved motions
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Observation Model

I Multiple cameras (> = 3)
I Extract silhouette shapes using background subtraction
I Compare silhouette shapes with predicted model projections

Observation:

Projection:
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Observation Model

Commonly used error measure:

I SSDbetween model points
and foreground masks
) projections should coincide
with foreground pixels

We use:

I XOR between projection
masks and foreground masks
) foreground masks should
also be covered optimally by
projections

I Requires processing of full
image masks) use
runlength-encoded region
masksfor e�cient processing
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Tracking in High Dimensions

jTracking in high dimensions j

Standard particle �ltering fails in high dimensions (> 10)
due to exponential growth in number of particles needed.

Solutions:
I Hierarchically decompose the search space
I Focus particles in relevant areas of pdf

) maximum search instead of pdf approximation
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Partitioned Sampling (PS)

I Approach at hierarchical decomposition of search space
I Statistical analogon to a hierarchical search
I Series of sequentially coupled SIR �lters:
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Annealed Particle Filter (APF)

I Combination of Particle Filters with Simulated Annealing
I Multi-Layered Search Strategy

) gradually move particles towards global maximum
I Covariance Scaled Sampling

) Soft hierarchical decomposition
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Comparison of PS and APF[BMVC '08]

jEvaluation on simulated sequencesj

I Virtual upper body and full body sequences from model
projections of ground truth data) Precise global maximum

I Up to 6 virtual cameras

May 6, 2009

Markerless Human Motion Capture for Observation of Everyday Activities Jan Bandouch



Introduction Human Model Tracking Appearance Model Results Outlook

Comparison of PS and APF[BMVC '08]

Proposed Combined Approach

Summary of results:

I APF works well between� 10 and 30 DOF

I PS outperforms APF at higher dimensions (hard partitioning)

I PS requires good localization during early partitions (di�cult!)

jNovel Approach j

Use APF instead of standard SIR in PS partitions
) Create bigger partitions that can be accurately evaluated locally
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Comparison of PS and APF[BMVC '08]

Proposed Combined Approach

Evaluation:

I Our combined approach clearly outperforms both APF and PS
I Maximal Euclidean joint errors< 10cm, mean errors< 5cm
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Tracking on Real Data

Noisy observations: what partitions and what order to choose?

I Split particles to parallel partitioning & annealing strategies
I Voting: Resample joined particle set) best strategy wins

jInsight j

Annealing is less prone to error given noisy observations.
Partitioning is much more e�cient at estimating limb positions.
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Tracking on Real Data
HumanEva2 benchmark

jEvaluation on HumanEva2 benchmark j

I Online evaluation tool for comparison with groundtruth data
I Noisy silhouettes
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Tracking on Real Data
HumanEva2 benchmark

Annealed Particle Filter (38 DOF):
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Annealed Particle Filter (38 DOF)

10 Layers 800 Particles
10L 800P Variance Scaled

10L 800P Covariance Scaled

Partitioned Sampling (38 DOF):
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Partitioned Sampling (38 DOF)

800 Particles
1600 Particles
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Tracking on Real Data
HumanEva2 benchmark

Our Proposed Approach (38 DOF):
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Proposed Method (38 DOF)

10 Layers 200 Particles
10 Layers 400 Particles
10 Layers 800 Particles

Comparison at 51 DOF:
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Comparison of Methods in Higher Dimensions (51 DOF)

Annealed Particle Filter Covariance Scaled 10L 800P
Partitioned Sampling 1600P
Proposed Method 10L 800P
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Color-based Appearance Model

I Learn color distributions per surface triangle
I Render colored projection of model and compare with current

frame) helps to improve localization of e.g. head
I Must be fast, i.e. computational cost should not increase

compared to shape-only observation model

May 6, 2009

Markerless Human Motion Capture for Observation of Everyday Activities Jan Bandouch



Introduction Human Model Tracking Appearance Model Results Outlook

Color-based Appearance Model

I Color distributions approximated with bitmasks
I Bitmasks provide indices of voxels in colorspace
I 3-channel integer bitmasks provide 32x32x32 = 32768 colors
I Testing a color correspondence usingbitwise logical AND

) Highly e�cient and optimizable (GPU)
I Can only model per-channel threshold) use HLS colorspace
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Implicit Environment Modeling

Image Foreground Projection Blocking Mask

Introducing Blocking Layers:

AND =

AND =

) Ignoring blocked regions in evaluation
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Implicit Environment Modeling

Image Foreground Projection Blocking Mask

Filtering Dynamic Obstacles:

Filter non-human-like regions
from foreground mask:

Add �ltered parts to blocking
layer (possible occlusion):

)

)

May 6, 2009

Markerless Human Motion Capture for Observation of Everyday Activities Jan Bandouch



Introduction Human Model Tracking Appearance Model Results Outlook

Implicit Environment Modeling

Image Foreground Projection Blocking Mask

Handling Occlusions:

Exclude human-like
foreground regions from
blocking masks:

)

) Model objects that can both occlude and be occluded
) Occluded body parts should be visible in 2-3 other cameras
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Implicit Environment Modeling
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More Tracking Results

) http://memoman.cs.tum.edu (
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Future Directions
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Future Directions

jLow-dimensional Motion Representation j

I Non-linear dimension reduction using ST-Isomap
I Paths in lowdimensional manifold correspond to actions
I Generation of motion FSM for intention recognition
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Future Directions

jImproving the Tracker j

Better Prediction:
I Feed-back models of motions into prediction component

) fast estimation of known motions (e.g. open cupboard)
I Set inter-frame motion limits based on actual image

observations (e.g. optical 
ow)) adaptivly control the
number of particles

Automatic Initialization:
I Detect keyposes
I UsePrincipal Componentsto jointly optimize shape and pose
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Future Directions

jKitchen Dataset j

We plan to release a dataset for the table-setting-sequences
(several subjects) in the near future. It will consist of:

I Motion capture data in .bvh �le format
I Original video sequences of 4 overhead cameras
I Detailed action labels
I RFID tag readings of objects
I Magnetic sensor readings of open doors/drawers
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End of Talk

Thank you for your attention.
(Open for feedback and suggestions!)
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Related Work in Markerless HMC

Visual Hull:
SCAPE
[Anguelov et al.]

Learned Mapping From
Observations to Poses:

[Grauman et al.]

Low-dimensional Motion Models:

GPDM [Wang et al.]
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