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http://www.kinecthacks.net/  
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~ 90 Projects as of 12/04/2010 

Every few hours new applications are emerging 
for the Kinect and creating  new phenomenon 
that is nothing short of revolutionary. 

- Quote from KinectHacks.net 

24 pages as of 2/10/2011 



3D Video Capture 
http://www.youtube.com/watch?v=7QrnwoO1-8A 
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Music Video 

http://www.youtube.com/watch?v=VMWc2KPFFv4 
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Navigational Aids  
for the Visually Impaired 

http://www.youtube.com/watch?v=l6QY-eb6NoQ 
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HUMAN BODY LANGUAGE 
UNDERSTANDING 



SKELETAL TRACKING 
Jamie Shotton, Andrew Blake, Kinect Team 



Human pose estimation 
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Kinect tracks 20 body joints in real time.  



Skeletal Tracking 

inferred body parts & 
overlaid joint hypotheses 

input depth image 

front view 

top view 

side view 

3D  joint hypotheses 



HUMAN ACTION RECOGNITION 
Wanqing Li, Zhengyou Zhang, Zicheng Liu 



The Problem  

ÅRecognize actions from sequences of depth maps 

 

 

 

 

 

ÅIssues to address 
ïlarge amount of data 

ïCoarse and noisy depth measurement 

 

Tennis Swing 

tennise_swing.WMV
tennise_swing.WMV


Method - Action Graphs 
ÅNode: Salient posture ÅPath: Action 

Pair-wise clustering & GMM 
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Sequences of depth maps 



Posture Modeling 

Å3D representative points are sampled from 
each depth map Ą A Bag of Points (BoPs) 

ïProjection based 

ÅDistribution of the 3D points for each posture 

ïGMM  

ÅDistances between two depth maps 

ïHausdorff distance between the two BoPs 



Experimental Results 

ÅData Collection 
ïDepth camera using structured infrared light 

ïDepth map resolution 640x480 pixels 

ï20 Actions 
ÅMovement of arms, legs, torso and coordination of 

them 

ï7 Subjects 
ÅEach subject performed each action 3 times 



20 Actions 

Å20 actions 

ï10 with one hand, 2 with two hands, 2  with one leg 

ï6 with whole body 

 High-arm wave Two hand wave 

Horizontal-arm wave  Side-boxing 

Hammer Bend 

Hand catch Forward-kick 

Forward punch Side-kick 

High throw Jogging 

Draw x Tennis swing  

Draw tick Tennis swing 

Draw Circle (Clockwise) Golf-swing 

Hand clap Pickup & throw 



Three Test Actions Sets 

ÅDue 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) 

Horizontal-arm wave High-arm 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 Side-boxing Pickup & throw 



Recognition Accuracy using 3D BoP 

Action 
Set 

1/3 
samples as 

training 

2/3 samples 
as training 

ѹ ǎǳōƧŜŎǘǎΩ 
samples as 

training 

AS1 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 

Å2D silhouettes were obtained from the xy-
projections  
ïwhich is close to silhouettes from a 2D image 

Å80 2D points were sampled from the contour 
of each 2D silhouette. 

ÅUsing 
ïthe same number of postures 

ïthe same number of Gaussian components and 

ïthe same number of training samples 



Recognition Accuracy  
using 2D Silhouettes 

Action 
Set 

1/3 
samples as 

training 

2/3 samples 
as training 

ѹ ǎǳōƧŜŎǘǎΩ 
samples as 

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% 

overall 91.6% 94.2% 74.7% 

vs. 3D Bag of Points 

Recognition with 3D is much more accurate! 



HAND GESTURE RECOGNITION 
Zhou Ren, Junsong Yuan, Zhengyou Zhang 



Challenges 

The resolution of depth map is low 



System of Kinect-based gesture recognition 

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



Hand Segmentation & Representation 



Finger Detection via shape decomposition 



Distance Metric: Finger-9ŀǊǘƘ aƻǾŜǊΩǎ 5ƛǎǘŀƴŎŜ 

FEMD vs. EMD: 1. consider global feature (finger);  

                           2. alleviate partial matching 



Results 

Å New collected dataset with Kinect camera:  

10 subjects * 10 gestures/subject * 10 cases/gesture = 1000 cases 

Contain color image and depth map 

Under uncontrolled environment 



Accuracy and efficiency 



Video 



FACE MODELING 
Qin Cai, Cha Zhang, Zhengyou Zhang 



Face Model Enhances 3D Scene 



HEAD POSE & FACIAL EXPRESSION 
TRACKING 

Qin Cai, Cha Zhang, Zhengyou Zhang 



Deformable Face Tracking 

ÅMany applications  

ïHuman computer interaction  

ïPerformance-driven facial animation  

ïFace recognition  

ÅChallenging  

ïLimited number of features on the face 

ïDozens of parameters to estimate 

35 



Linear Deformable Model 

Static deformations Action deformations 

36 
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(Artist rendered linear deformable model) 



Maximum Likelihood DMF 

ÅFormulation, ▲ȟ▌  correspondence pair: 
╡▬ ═► ║▼ ◄ ▌ ● 

● ὔͯ ȟ●  

ÅIterative closest point 

ïAssume closest points correspond 

ïCompute transformation 

ïIterate until convergence 
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