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Real-Time Human Pose Recognition for Kinect

[ Shotton et al.,, CVPR 2011 ]

CVPR 2011 Best Paper Winner




Behind-the-scenes Story about Kinect

N

http://www.eng.cam.ac.uk/news/stories/201 1 /Xbox_Kinect/

. |search contact]
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Alumnus Dr Jamie Shotton and the development of Kinect for Xbox 360
20 January 2011

Dr Jamie Shotton completed his PhD in the Machine Intelligence Lab with Professor
Cipolla, here at the Department of Engineering from 2003-2007. Jamie now works for
Microsoft at their Cambridge research laboratory, where he has been intimately
involved in the development of Kinect for Xbox 360. Kinect makes you the controller,
allowing you to jump in and play games using your whole body, without holding or
wearing anything special. Jamie came back to the Department to lecture the 4th year
undergraduate students on this in Movember 2010. Below, he tells his behind-the-
scenes story about Kinect.

"l joined the Machine Learning & Perception group at Microsoft Research Cambridge
(MSRC) in June 2008 as a post-doc to continue my PhD research in computer vision.
Inthis, | had focused on automatic visual object recognition: teaching computers how
to recognise different types of object in photographs such as cars, sheep, trees, etc.
Little did | know at that point how quickly | would get pulled into the frenzy of research
and development around Kinect, and how this blue-skies research could be applied to
such a practical problem.

"I had taken a machine learning approach to visual object recognition in photos, which
works as follows. First, you build up a varied training set of images where you label
each pixel with a colour, according to which object category it belongs to. 5o, for
example, you hand label all 'cow' pixels in blue, and all 'tree’ pixels in green, using a
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e Ho, T. K. 1995
— Random decision forests, ICDAR 1995
— %Z;/\&“A CHEUE R ZERAZE > TEE UICREANZ
ML=
e Amit & Geman 1997

— Shape Quantization and Recognition with
Randomized Trees, Neural Computation, 1997

 Leo Breiman 2001
— Random Forests , Machine Learning, 2001
— NFUTICK > TREARZZEE
—- HRNER

Randomized Decision Trees
Randomized Decision Forests 4 EER R GFI CHEENTWS
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AFAgERSETER (1)

e [CCV 2009 tutorial by Jamie Shotton

— http://wwwi.iis.ee.ic.ac.uk/~tkkim/iccvO9_tutorial
e [CCV 2011 tutorial by Antonio Criminisi

— http://research.microsoft.com/en-us/projects/decisionforests/

« REKFESHRAE

— http://www.vision.cs.chubu.ac.jp/RTs/
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 Elements of Statistical Learning (T. Hastie
et al., 2009)

« Decision Forests for Computer Vision

and Medical Image Analysis (Antonio
Criminisi et al., 2013)

A. Griminisi
J. Shotton Editors

Decision Forests for
| - Computer Vision
Data Mining, Inference, and Predicﬁon and MEdical |mage
Analysis
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VL7 AL X DIEE(4)

e RF & Classifier Cascade [viola & Jones 2001]

SV NLT AL AR Classifier Cascade
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*d)igﬁé ti@%ﬁ'% : %Wu [Criminisi 2011]

A$2 Tralnmg pom’cs 4-class mixed

fﬁqﬂﬁf""ﬁ 95“"%

B - q;.qj‘:;‘ Se
T=200, D=15, w. |. = conic
max tree depth D

T=200, D=3, w. |. = conic

overfitting
34

underfitting
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[Lepetit et al., 2000]
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[Lepetit et al., 2000]
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[Lepetit et al., 2000]
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[Lepetit et al., 2000]

SEEHETE S S ERHE R ORFTEIR [AEHR et al.,, MIRU 2010]
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[Shotton et a/ 201 1]
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Random Camera Other Random
300 000 Body Poses 15 Models Orientations Parameters

Synthetic image Camera noise
generation simulation
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[Shotton et a/ 201 1]

¢ ©

Input depth image (bg removed|) Inferred bodly parts posterior
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SFTPREED 5 OFFEH L ICRFZ F A
(Semantic Texton Forests)

[
~,

classification algorithm

»

SVM, decision forest, boosting
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Semantic Texton Forests

otton et a/ 2008]

Input Image
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aaaams

A[b] > 98

L b
= i

P(c|l)

Alg] - B[b] > 28

- i

A

Alr] + B[r] > 363 A[b] + B[b] > 284

N
L EA
_LERAS

»
ki

7‘1—|\ 'J 7)1/

Ground Truth

|A[r] - B[b]| > 21

=m

Alg] - B[b] > 13

-

|
!46



Bag of Semantic Textoqsggm a1 2008

« Bag of words

A
A
B ABCD
> ERNISA
A tree t, tree t; A
image / aY; A N 7 A Y R

------- o o
2" --..“"'-u-l ‘-lI: O
| region r 7
oI S d23 4 5 23 4 5 category

semantic texton histogram region prior



[Shotton et a/ 2008]

Real-Time Semantic Segmentation

Jamie Shotton
Matthew Johnson
Roberto Cipolla
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Hough Forest Okada 2009

S/ Sy F &IFEN— 2 DY EE Y

— Implicit Shape Model [Leibe et al. 2003]

—
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[ Criminisi et al. 2010]
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E 7"7|-t7 X T — > 3 >/ [Perbet et al. 2009]

o« IS MLT AL AMNZHWTHEHZEANT
T =5 Mt

Partition bv I e 1rt|t ion by T2 Partltmn by T3

aJl

Intersection . 7 : Compact Partition

A node is 355|gned to each intersection

-77777X9U/7Tﬁﬁﬁm
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Mﬁ1b?’ﬁ§%o) 7 77 ﬁiﬁ, [Perbet et al, 2009]

(a) Input data density  (b) Random forest partitions (¢) Graph structure (d) Clustering result
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‘l27>( >/ 7—'_ :/ = D ﬁ:lél: [Perbet et a/ 2009]
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FIFHTIgER S 1 TS5V Moditied

¢« Open CV

— CvRTrees

Python

— scikit-learn

— http://scikit-learn.org/stable/

Waftfles

— http://waffles.sourceforge.net/
Randomforest-matlab

— http://code.google.com/p/randomforest-matlab/
Leo Breiman

— http://www.stat.berkeley.edu/~breiman/RandomkFor
ests/cc_home.htm
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Random Fern

[Ozuysal et a/. 2010]

¢ FA—TRAZR
_P(fl'fZJ JleC — Ci) — HII¥=1P(fk|C — Ci)

l BSRSEIL TR I TIE AR L

¢ Semi-naive Bayesian Approach
_P(fl'fZJ JleC — Ci) — HIIZI=1P(FI{|C — Ci)
—Fe = oty fotk2)r = fotes) p K = 1, s M



RF vs. Random Fern

[Ozuysal et a/. 2010]
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[Ozuysal et al. 2010]
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Extremely Randomized Trees

[Geurts et /. 2006]
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On-line Random Fore§é.ta fari et al. 2009]

« #IHAET)L (Forest) BERICESN
TF—45%ZFAUL T Forest ZXXEFH T 5
N ()

oo @
o |g® .o
O o _O
e " o |o
® o e 0° o
.. ® ~ ’ ‘.
Qo Q
® o o) o)
/ O
@
O O
&) OoO O ® @)
0 @ o
e O O
of oy © ® o
B &%
o®
BRI ey ) Sl 2013

2013/6/12 68

/
Fa+bUTPIL



E¥ﬁ?}bj U Z“'b‘ (1 ) [Saffari et al. 2009]

AN BB EHDForest, FRT—5 (v, t;)

1. #FNZENDRERICDODWVWTULTZET

a. M7 YYD > Tw, t) ) DEELTWVWS
EIRTE U k = Poisson(1) E7ZT (v, t;) Z5HEER
b. £ UTcT—% ZREANICAS
c.| B/ — RESETTBEHHIKT |
d. Out-of-bag IC &K BMLREHETE — FNERR
TEARDHEIBR&HT L WLWREARDIEN
2. BFTRT




BEH7ILIIXL(2)

[Saffari et al. 2009]
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Multiple Instance Learning

[Babenko et al. 09]

B DFEH MILTDZHE

{(z1,1), (22,0), (z3,0)} {(X1,1), (X2,0), (X3,0)}
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M I Fo reSt [Leistner et al. 2010]
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Conditional Regression Forest§“"'*

« Real-time Facial Feature Detection using
Conditional Regression Forests

« Conditional Regression Forests for

an Pose EWimation
[o] )

S(xj|1) = z z p(xj,cl|ll)

lEL c;eC

= 2 z p(xi|c)p(ci|l)

leL c,eC
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CRF ‘: Ck %%ﬁﬁfﬂ*ﬁﬂj [Dantone et al. 2012]

Conditional Regression Forest Regression Forest
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CRF [CX B ANIEBHE o, 0 2012
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SIEDER - NIPS2012 Miodifiec

« Semantic Kernel Forests from Multiple
Taxonomies [Hwang et al. NIPS 20172]

o« Context-Sensitive Decision Forests for

Object Detection [Kontschieder et al.
NIPS 2012]



Modified

Semantic Kernel Forests from Multiple Taxonomies

( Biological

Dalmatian
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( Appearance
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(:?\,F)F{ ;2()-|:3 Modified

2013/6/12

Semi-supervised Node Splitting for
Random Forest Construction

GeoF: Geodesic Forests for Learning
Coupled Predictors

Unconstrained Monocular 3D Human Pose
Estimation by Action Detection and Cross-
modality Regression Forest

Alternating Decision Forests

Scene Coordinate Regression Forests for
Camera Relocalization in RGB-D Images
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RF ICKBEMFRILE LB HEEZMRS

Modified

" |
ﬁb Voting
1 results

( 1. Feature Extraction ]
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F' Appearance features L__
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Regression forest
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Alternating Decision Forest§”"

[Schulter et al. CVPR 201 3]
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Follow-ups

« REBHEDITICTE > I2IBWMLEF=CVIMIAZE
RCDRKATA RZL T TAREF

http://www.habe-lab.org/habe/RFtutorial
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Eﬁ‘:ﬁ$ Modified

Prof. Roberto Cipolla at Cambridge
University and his group at CUED

« WEANFZE (RUV T —FTYVEITRKE)

Prof. Tae-Kun Kim at Imperial College
London
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Eﬁ‘:ﬁ$ Modified
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FUTLTALANDEE(3S) oo s00n

« Adaboost is Random Forests
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ROtatlon ForeStS [Rodriguez et a/. 2006]
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