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Sittiphol Phanvilai @ Hua Lampong Co. Ltd has implemented head tracking using Kinect and
creates crazy 3D effects with android dolis. This is @ modification of their earlier Kinect VR project
which had spheres instead of androids.
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Everyfew hours new applications are emerging
for the Kinectand creatingnew phenomenon
that is nothing short of revolutionary.

- Quote from KinectHacks.net



http://www.youtube.com/watch?v=70rnwoO-BA

3D Video Capture
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Music Video
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Navigational Aids

for the Visuallylmpaired
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HUMAN BODY LANGUAGE
UNDERSTANDING



JamieShotton Andrew Blake, Kinect Team

SKELETAL TRACKING



Human pose estimation

Kinecttracks 20bodyjoints in real time.



Skeletal Tracking
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HUMAN ACTION RECOGNITION



The Problem

A Recognize actions from sequences of depth map

}

A Issues to address Tennis Swing
I large amount of data
I Coarse and noisy depth measurement
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Posture Modeling

A 3D representative points are sampled from
each depth ma@, A Bag of Point88oP3

I Projection based

A Distribution of the 3D points for each posture
i GMM

A Distances between two depth maps
I Hausdorffdistance between the tw@&oPs



Experimental Results

A Data Collection
I Depth camera using structured infrared light
I Depth map resolution 640x480 pixels

I 20 Actions

AMovement of arms, legs, torso and coordination of
them

I 7 Subjects
AEach subject performed each action 3 times



20 Actions

A 20 actions

I 10 with one hand, 2 with two hands, 2 with one leg
I 6 with whole body

High-arm wave

Two hand wave

Horizontatarm wave Sideboxing
Hammer Bend

Hand catch Forwardkick
Forward punch Sidekick
High throw Jogging
Draw X Tennis swing
Draw tick Tennis swing

Draw Circle (Clockwise)

Golfswing

Hand clap

Pickup & throw




Three Test Actions Sets

A Due to consideration of the computational cost,
the 20 actions are divided into three subsets:

Action Set One (AS1)| Action Set Two (AS2) | Action Set Three (AS3

Horizontalarm wave Higharm wave High throw
Hammer Hand catch Forward kick
Forward punch Draw x Side kick
High throw Draw tick Jogging
Hand clap Draw circle Tennis Serving
Bend Two hand wave Tennis swing
Tennis serve Forward kick Golf swing

Pickup & throw Sideboxing Pickup & throw



Recognition Accuracy using 3D Ba

Action 2/3 samples oy adz 2
Set samples ag as training samples as
training training

89.5% 93.4% 72.9%
AS2 89.0% 92.9% 71.9%
AS3 96.3% 96.3% 79.2%

overall 91.6% 94.2% 74.7%



Comparison to 2D Silhouettes

A 2D silhouettes were obtained from the-
projections
I which is close to silhouettes from a 2D image

A 80 2D points were sampled from the contour
of each 2D silhouette.

A Using
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Recognition Accuracy
using 2D Silhouettes

1/3 2/3 samples oy adz 2
samples ag§ as training samples as
training training
AS1 79.5% 81.3% 36.3%
AS2 82.2% 88.7% 48.9%
AS3 83.3% 89.5% 45.8%
overall 81.7% 86.5% 43.7%

vs. 3D Bag of Points
overall 91.6% 94.2% 74.7%

Recognition with 3D is much more accurate!



HAND GESTURE RECOGNITION



Challenges

Jol 14X 1o

Figure 1: Some challenging cases for hand gesture
recognition with depth cameras: the first and the
second hands have the same gesture while the third
hand confuses the recognition.

The resolution of depth map is low



System oKinectbased gesture recognition
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Figure 2: The framework of our real-life hand ges-
ture recognition system.

Key Modules: Hand segmentation and representation,
Dissimilarity Measure (Finger Detection and FEMD)



HandSegmentation & Representation

(c) (d)
Figure 3: Hand segmentation process. (a).
RGB color image captured by Kinect Sensor;
The depth map captured by Kinect Sensor; (c).
area segmented using depth information: (d).
hand shape segmented using RGB information.
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Figure 4: Hand shape representation. (a). On the
contour of the segmented hand, the green line is the
detection of the black belt: the red point is the initial
point: the cyan point is the center point detected by
Distance Transform: (b). The time-series curve of
the shape above.



FingerDetection via shape decomposition

Time-series curve with finger thresholding decomposition Time-serries curve with fiqger shape decomposition
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Figure 6: Illustration of the two proposed finger detection methods: (a). Thresholding decomposition uses

a height threshold hy in the time-series curve to detect fingers, which means to decompose the shape with a

circle, thus information is inevitably lost; (b). Near-convex decomposition decomposes the hand into several

near-convex parts that are fingers and the palm. The finger decomposition of (b) is more accurate and robust.

min o | x [jo+ (1 —a)w x,

st. Ax>1, x ' Bx = 0, xe{0, ”‘ﬁ



DistanceMetric: Fingerd NI K a2 OSNXQ& 5 A

i f E S {c) L | | ] (d) ] |

(a) (b)
; ‘II‘ime-series curve of shapein(a) Time-series curve of shape in (b)
[ ' holes T T ' [ ; ! ' ! !
3 ' \-"‘-::"""“ 3 L'éll't}l‘\\
® 2.5 8 25
= , g :
2 2 signature R B signature T
k=i b=
g @
215, 215
o [ o
T o [ .
ey b ] I
oy !
Fad Tap tlu: t1p
L L L L 1 Ll 1 L L L | L 1 1 1 Il 1 1 1 1 1
%% 01 02 03 04 05 06 07 08 09 1 °% 01 02 03 04 05 06 07 08 09 1
Norma(llzed angle Normalized angle
€)

Figure 5: The motivation of using Finger-Earth Mover’s Distance. (a) and (b) are two different hand shapes,
whose time-series curves are shown in (e) and (f), respectively. Their major difference is the fingers. (¢) and
(d) are two signatures that partially match, their EMD cost is 0, however they are very different. Hence
FEMD adds the penalty on empty holes. (e) and (f) are the time-series curves of the hand shapes in (a) and
(b), each curve is represented as a signature with each finger as a cluster; the signature with bigger total

weight serves as holes, the smaller one serves as earth piles.

FEMD vs. EMD: 1. consider global feature (finger);
2. alleviate partial matching



Results

ANew collected dataset with Kinect camera:

Gesture 10

Gesture 9

Gesture 6 Gesture 7 Gesture 8
Figure 8: The color image examples for the 10 gestures in our dataset.

10 subjects * 10 gestures/subject * 10 cases/gesture = 1000 cases
Contain color image and depth map
Under uncontrolled environment



Accuracy and efficiency

Thresholding Decomposition+FEMD | Near-convex Decomposition+FEMD
Mean Accuracy 90.6% 93.9%
Mean Running Time 0.5004s 4.0012s

Table 1: The mean accuracy and the mean running time of the two proposed methods.
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Figure 15: The confusion matrix of Experiment II.
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Qin Cai, Cha Zhang, Zhengyou Zhang

FACE MODELING



Face Model Enhances 3D Scene




HEAD POSE & FACIAL EXPRESSIO
TRACKING



Deformable Face Tracking

A Many applications
I Human computer interaction
I Performancedriven facial animation
I Face recognition
A Challenging
I Limited number of features on the face
I Dozens of parameters to estimate




Linear Deformable Model
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Maximum Likelihood DMF

A Formulation,( A Fl ) correspondence pair:
1 => |9 <] o
X U .
A lterative closest point
I Assume closest points correspond
I Compute transformation
I Iterate untilconvergence
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