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[ Why understand human motion? J

I search unusual events

A Surveillance
i evaluate patient actions | .
i evaluate criminal actions &

A Gesture based interfaces

I Games, interactive PCs,
house devices

A Sign language

Aand mor e gi!

! ",,
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[ Outline of this talk j

A Related work on human motion understanding

A Single human actions

I Silhouette presence
A Histogram of Oriented Rectangles

T Silhouette absence
A Line and flow histograms

I Still images
I Results
A Complex human actions
I Separate limbs models on HMMs
I 2D-3D lifting
I View-invariance
I Results
A Conclusions and Future Work
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[ Act, Action and Activity

A Act: Short-timescale representations like a
forward-step or a hand-raise

A Action: Medium timescale movements like
walking, running, jJumping

I Typically composites of multiple acts
A Activity: Long timescale movements

I Complex composites of actions

I Composition can be
A across time
A across body
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[ Related Work on Human Motion

Understanding

A Three basic threads
I Motion Primitives
I Methods with Dynamical Models

AExplicit dynamical models
APartial dynamical models

I Discriminative Methods
ATemplates
ABag-of-features
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[ Motion Primitives }

Motion primitives: Clusters of motion of the same type

Form motion primitives on short t
strung together within action

A Feng and Perona (Feng 2002) use movelets for this purpose, and
construct two-frame movelets. They model the ordering of the

movelets by HMMs.
g 0 O

g g
A Advantage: Fewer parameter estimation, actions can share
primitives

To o
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[ Explicit Dynamical Models

A Hidden Markov Models

I Linear, Coupled, Layered, Factorial, Parallel
HMMSs

A Finite State Methods

I Hongeng et al, coarse scale person activities

I Zhao and Nevatia, finite state model for
walking, running and standing

I Hong et al, model gesture via finite state
models

A Conditional Random Fields
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Partial Dynamical Models }

A Pinhanez and Bobick:
temporal relations between
primitivies (using linear
Interval algebra).

A PNF network: Past-Now-
Future

A Describe actions using PNF
propagation.

A Infer relations from detector
response (they used

responses from simulated
detectors)
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Figure 2: IA-network corresponding to the temporal
structure of a “pick-up bowl” action .
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[ What do these people do? }

running walking | throwing | crouching

A Pose tells a lot about the actions.
A How can we describe the pose?
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[ Pose as a Collection of Rectangles }

A Human body is composed of cylindrical =
parts. e i ‘
A The projection of a cylinder on 2D is a

rectangle. =
A Body can be thought as a collection of D ﬂ
rectangular regions
A We can represent the pose based on faigyras:
the orientation of these rectangles David Mar
Theory of Vision

(1982)
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[ Histogram of Oriented Rectangles (HOR) }

|..‘|\m|l|ﬂ

A Tracker finds the human subject
I Extract the silhouettes

A Rectangular regions are extracted using
convolution of a zero-padded rectangular 2D
Gaussian on different orientations and scales

I 12 angles 15 apart
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[ Recognition

A We have utilized various methods for
recognition
I Template Matching

ANearest Neighbor
A Global Histogramming

I Sequence Matching
ADynamic Time Warping (DTW)

I Discriminative Classification
ASupport Vector Machines (SVM)
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[ Dynamic Time Warping }

i} 0
bend bend a
(perfi dbyd {performed by d
in'Weizzman datassat) inWaizz d

A Align each of the features using DTW
A Compute the global cost

o, 1= (Hin)— H;(n))?
|‘ - — — N = P
X Hi H5) = 5 Hi(n)+ H;(n)

T
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Support Vector Machines

I Window based
0 0 0 10 4 1 Classification

A Use snippets of frames and form histogram of oriented rectangles
over a window (HORW)
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[ Experimental Setup J

A Weizzman Dataset

I 9 actions(walk, run, jump, jump in place, jump jack,
gallop sideways, bend, one-hand wave, two-hands wave)

I 9 subjects
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[ Experimental Setup

A KTH dataset

I 6 actions (boxing,
handclapping,
handwaving,
jogging, running,
walking)

I 25 subjects

I 4 recording
conditions
(outdoor, indoor,
zoom and
viewpoint
change, carry
items and
different outfits)
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Experimental Evaluation of HOR

Classification Method | Feature | Weizzman KTH
N HOR 96.30% | 75.46%
NearestNeighbor HORW | 97.53% | 72.22%
T HOR 96.30% | 71.76%
GlobalHist HORW | 69.14% | 57.41%
UM HOR 97.53% | 77.31%

‘ HORW | 95.06% | 85.65%
HOR 100% | 74.54%

DIW HORW | 96.30% | 78.24%

‘ HOR 08.77% | 81.48%
viSVM HORW | 95.06% | 89.35%
HOR 100% | 81.02%

viDIW HORW | 98.77% | 83.8%

A For KTH, v+SVM performs better, because DTW surpasses time
difference and makes running and jogging closer.

A Choosing window usage (HOR vs HORW) depends on the nature of
the actions one wishes to discriminate.
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Experimental Evaluation of HOR

Method Accuracy
HOR 100%
Blank et al. [12] 99.64%
Jhuang et al. [48] 98.8%
Wang et al. [96] 97.78%
Niebles et al. [63] 72.8%

Method Accuracy
Jhuang et al. [48] 91.7%
Wong et al. [100] 91.6%
HORW 89.4%
Niebles et al. [64] 81.5%
Dollar et al. [24] 81.2%
Ke et al. [50] 80.9%
Schuldt et al. [84] 71.7%
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Comparison to other methods on
the Weizzman dataset

Comparison to other methods on

the KTH dataset

Comparison to HOGs on the KTH

HOG HOR | HORW

SVM || 76.85% | 77.31% | 85.65%
DTW || 67.59% | 74.54% | 78.24%
vtSVM || 82.41% | 81.48% | 89.35%
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Experimental Evaluation of HOR
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boxing

hclapping -

hwaving [
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running
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Confusion matrix for the KTH dataset
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[ Boundary-fitted Lines }

A In the absence of silhouettes, we can use lines fitted to
the boundaries (Pb) (Martin PAMI2004) of human figures

P fine detall

» «p> coarse shape
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[ ..and Optical Flow }

A Dense block-based optical flow calculation
I L, block distance
I 5x5 template size with a window size of 3
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[ Recognition with LHist and OFHist J

SVM models

OFHist
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[ Line and Flow Results

—&— LFV
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A Choice of Uin combining line and flow
classification vectors

cr=acs+ (1l —a)c,
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Line and Flow Results

boxing

hclapping

hwaving

jogging

running [

walking

A Shape and flow are complimentary to
each other.

A Again, this depends on the nature of
the actions in mention.
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Method | Accuracy
LFV 94.0%
Jhuang [48] 91.7%
Wong [100] 91.6%
Niebles [64] 81.5%
Dollar [24] 81.2%
Ke [50] 830.9%
Schuldt [84] 71.7%
Condition | LFV | Jhuang [48]
sl 98.2% 96.0%
52 90.7% 86.1%
53 88.9% 89.8%
54 98.2% 94.8%

27



[ Action Recognition in Still Images }

A Never done before

A First identify the person
I Pose estimation by Ramanan based on CRFs.

A Extract the silhouette
A Use Histograms of Oriented Rectangles
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[ Recognition by CHORS }

A Form Circular HORs (CHORS)

i Dondot have the bounding box, th
probability of parse as the center and use a polar grid.

A Classification based on LDA+SVM

I We have lesser examples, so a discrimination on feature set is
useful : Use Linear Discriminant Analysis (LDA)

T SVM with Radial Basis Functions

VA .

i':'le 7
Q it @ M,

Oy
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StlII Image Results

runnlng
ActionWeb dataset -
467 images collected
from the web
walking
throwing
catching

crouching  correctly
classified
action images

kicking
30



(a) catch, walk, catch, throw

(c) catch. kick, walk. crouch

(d) run, throw. run, run

= 9
% |

A 3

L =

(e) kick. walk. walk, catch

21/05/2008 () throw, walk, run, throw

running

walking

throwing [

catching |

crouchingf

kicking

‘ 2 Misclassified
IR action images

Total accuracy 85.1%



[ Still Image Clustering
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Kmeans results with k = 100
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[ Complex Composite Activities

A Template models will not scale well to complex
composite activities.
I Will need lots of training data for every combination

A We need a generic method to represent composite
human activities
I Also handle view-invariance, which is an inherit property of

everyday activity.

A We want to make videos searchable, even for complex
composite actions
I Capability to search without examples
I Simple and effective query language

A Composition across time and across space is possible
by using activity segments of the body

21/05/2008
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Overall
System
Architecture
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[ Tracking }

Score
Segmentation

LI

ﬂ —p Aren, —p| Global
“LI 4 | \.A : Constraints

Sr\ lized Pose Pictorial Structure

A Tracker of Ramanan et al.

A Appearance based tracker,
I Initiates itself by finding a lateral walking pose,
I then builds a quadratic linear regressor over the limb
segments.
A Dynamic programming over the MAP estimates
of candidate limbs gives the best body
configuration
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[ Tracking (good examples) J

Stand and pickup

/
. | SmeeSecESecStTmmmeT  COFeemhe - e EEEEEeece—
e R s  — - - e ——

Walk @ jump - walk
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Not a perfect world

21/05/2008

Occlusion of limbs

Rectangle search failure Motion blur, bad classification
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[ Llftlng 2D tracks to 3D }

- .

A Divide 2d tracks to body

/\ I parts A left arm, right
arm, left leg, right leg

l _ A Match each body part

i 2d track with motion
: capture dataset frames
\/ i Use snippets of video
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[ Lifting Procedure }

A Assuming an orthographic camera in the root
coordinate system of the motion capture dataset,

I First match legs with dynamic programming using
snippet method,

A allow left and right legs to come from different mocap
snippets.

I Based on best leg camera
A match the arms
A force arm camera to be close to leg camera

I Matching is done via dynamic programming
A over 20 cameras and top 10 best matches
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[ Example Videos }
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[ Representing Activities }

Motion
capture
snippets

vector quant%

Limb activity model

Form 3 state Hidden
Markov Models

-~ /,\ v/n \jump e \crouch

-~ -
o -
— -
— -
-~ -
N e e - — =T
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[ Limb Activity Models }
a /'\ /A\

jump

-~ -
™~ -~ -
— -

o -
= e -

— - —

e R e i

A Join HMMs that have the closest emission states
I State similarity is computed by the Euclidean distance in 3d

space
“T*“’f ‘L?z Bn Z Z f” ”’m 1” ”n ”m ”n}

Om=1 op=1

A For each limb, form a big activity model composed of
smaller actions

A By this way, we achieve automatic motion segmentation
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[ Searching Activities with Finite State Models }

run pick carry

A Author different queries for different body
parts

I Legs walk, arms wave
A No need to specify location
A No need for example motion segment
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L Example FSA for writing complex queries}
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walk
pickup
jump
stand
crouch
run

walk
wave
pickup
jurnp
reach
stand
crouch
carry

arms

4 1

legs: walk
arms:carry

legs: walk
arms: walk

legs: pickup | crouch

arms: pickup
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