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fa) XBOX 360

A Depth sensing camera
A Tracks 20 body joints in real time
A Recognises your face and voice
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Kinect Adventures
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Trial of "touchless" gaming technology in
surgery

By Adam Brimelow
Health Correspondent, BBC News

Doctors in London are trialling "touchless"
technology, often used in TV games, to help
them carry out delicate keyhole surgery.

The system allows them to manipulate images
with their voice and hand-gestures rather than
using a keyboard and mouse

Surgeons say it gives them more control and

avoids disruption - .
The technology could be a valuable aid to sugery
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Child with autism connects
with Kinect

When Kyle's father got Xbox's motion control system, he had no idea it would be a breakthrough
for his boy

Print | Font: (AA + =

John Yan reviews games for a site called Gaming Nexus, so despite his initial lack of
enthusiasm in the Xbox 360 Kinect motion controller, he knew he'd have to buy one

when they came out. After all, it wouldn't be fair to dump all the Kinect reviews on

Andrea Fossati
Juergen Gall

Helmut Grabner
Xiaofeng Ren

Kurt Konolige Editors

Consumer
Depth Cameras

for Computer Vision

Research Topics and Applications

A Springer




What the Kinect Sees

top view
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depth image
(camera view)

side view



Structured light

object at
depth d,

object at
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imaging
plane
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Depth Makes Visiomhat Little Bit Easier

RGB DEPTH

T Only works well lit R Works in low light

T Background clutter R Background removal easier
T Scale unknown R Calibrated depth readings

T Colorand texture variation R Uniform texture






KINECT

Joint work with Shahram Izadi, Richard Newcombe, David Kim, Otmar Hilliges, David Molyneaux, Pushmeet
Kohli, Steve Hodges, Andrew Davison, Andrew Fitzgibbon. SIGGRAPH, UIST and ISMAR 2011.



KINECT-usion

Camera drift



ROADMAP

THEVITRUVIAN MANIFOLD SCENECOORDINATE REGRESSION
[CVPR 2012] [CVPR 2013]



THEVITRUVIANVIANIFOLD

£ @ B

Jonathan Taylor Jamie Shotton Toby Sharp Andrew Fitzgibbon

CVPR 2012



Human Pose Estimation

Given somamage inpuf recover the 3D human pose:

Joint positions and angles

In thiswork:
A Single frame at a time (no tracking)
A Kinect depth image as input (background removed)
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A Few Approaches

Regress directly to pose?
e.g. [GavrilaQ n Adarwal TriggsQ n n 6

Detect and assemblgarts?
e.g. FelzenszwalB HuttenlocherQ n R&marars C 2 NE Sigdet aDoms «

Detect parte
e.g.Bourdevs al f A1 Wn dtél YWt Kdbgaidkiet aj/Ym n 6

Lot

PerPixel Body Part Classification PerPixel Joint Offseﬁ?egression
[Shottonetal® Wmm6 [Girshicketald WM M6



Background: Learning Body Parts for Kinect

body joint hypotheses

iInput depth image body parts 4

B R =)

[Shottonet al. CVPR 2011]

front view

side view top view
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Synthetic Training Data

DN

Retarget to varied body shapes\
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Render (depth, body parts) pairs )
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Train invariance to:
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Depth Image Features

A Depth comparisons input
ept
I very fast to compute imgge

offset depth offset depth
feature IOBO(A Q(B) QR =

response
Image coordlnate

~y

y
QB)

scales inversely with depth

3

Background pixels
d =large constant
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Decision tree classification

Image window
centred atx

f(x; vq) >6,

P(C)Llll_ P(C)|_ll|_ P(C)L-l



Training Decision Trees [Breimanet al. 84]
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Take(v, ¢) that maximises

information gain: Goal: drive entropy

Y] Y] at leaf nodes
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A, Criminisi
J. Shotton Editors

Decision Forests for
Computer Vision

and Medical Image
Analysis

@ Springer

Decision Forests Book

A Theorycg Tutorial & Reference
A Practicec Invited Chapters

A Software and Exercises

A Tricks of the Trade



iInput depth inferred body parts

no tracking or smoothing



body joint hypotheses

input depth image body parts - A

.
-_. l wﬂ!ﬂ, “

front view side view top view



Input depth Inferred body parts

front view side view
inferred joint position hypotheses

top view

no tracking or smoothing



Body ParRecognitionn Kinect

KINECT

i Skeleton does not explain the depth data
L /A * Limited ability to cope with hard poses



http://2.bp.blogspot.com/_NcSxbK86vWU/TBuoPqPOmEI/AAAAAAAAAuQ/H9WU3IAnbVg/s1600/kinect_001.png

A few approaches

Explain the data directly with a mesh model
[Ballanet ald YBagkdt al.th m m 6

o Too T T T I

GOOD Fullskeleton

GOOD Kinematicconstraints enforced from the outset
GOOD Ableto cope with occlusion and cropping
BAD  Manylocal minima

BAD  Highlysensitive to initial guess

BAD  Potentiallyslow




Human Skeleton Model

A Mesh is attached to a hierarchical skeleton

A Each limhihas a transformation matrikv(—)

relating its local coordinate system to the world: G ‘:
uY \ 1
VIR )&
Y Yo Y — ' { | !."
| | | ¥ ()
Ay — encodes a global scaling, translation and rotation

A 'Y — encodes a rotation and fixed translation relative to its parent
A 13 parameterized joint@ usipgaternions to represent unconstrained rotations

A This givesatotalofp o 1 Tt1zp o ¢ tdegrees of freedom



Linear Blend Skinning

Each vertex J

A has position) in base pose—
A is attached tKlimbs{a}  with weights{ }

In a new pose--the skinned position of is:

L (O Y ('Y (—)n Mesh in base pose-
N J

L
position in limbl, Q &

coordinate system

\ J
Y

position in world coordinate system




Test Time Model Fitting

A Assume each observatian is generated by a point on our model

v 5 !Q \um'f r"@\r . N\ FB Ftb 6é‘l ‘l 'Q r‘]éé,Q'@“Q
LG 2EURR0E 0 - W 0 EOMDEDRY 6 18 6

,(b Ve )
\/ o 0 (0 n?

What pose is
the model in?

.. ] D Point : .
A Optlmlze. Observed 3D Point Predicted 3D Point

R S A
ETIET Qof@©m

Note: simplified energy more details to come



Optimizing | ETI'SET Qo (6

A Alternating between pose-and correspondences 5 ¢
U Articulated IterativeClosest Point (IGP

A Traditionally, start from initial—
A manual initialization
Atrack from previous frame

A Could we instead infer initial correspondencests ¢ discriminatively?
A And, do we even need to iterafe



OneShotPose Estimation: An Early Result

Can we achieve a good result withatgrating
betweenpose—and correspondences (8 0 ?
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test ground truth convergence
depth image correspondences visualization




From Body Parts to Dense Correspondences

4—-’ P-u

classification regression

increasing number of parts

~

Body Parts ¢CKS axAU0NYzOALl Y al
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Texture is mapped across body shapes and poses
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u=-1 u=1

v=-1—

Geodesic surface distances
approximated by Euclidean distanc

InN—>

-1 [L. Da Vinci, 1487]
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test
images

training ﬁ
images
v

regression forest

Overview

inferred dense final optimized
correspondences poses
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Discriminative Model: Predicting Correspondences

training @ ﬁ !
Images

regression forest

iInput inferred dense
Images correspondences



Learning the Correspondences

A How to learn the mapping from depth pixels to correspondences?

A Train regression forest



Each pixetorrespondence pair
descends to a leaf in the tree

Learning a Regression I\/Iodep
at the Leaf Nodes
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Inferring Correspondences
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infer correspondencesy

optimize parameters
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Full Energy

o-hY) _ O (Chy _ O (3 _ 0O

" Q
A TermE, . approximateshidden surfaceemoval and uses robust error \ r

A Gaussian prior terrg, ., ih [T\ E&R ":g
{ | )| <

A Selfintersection priorterm E, approximates interior volume .
wou—0 0%~

(@)
=]

Energyis robust to noisy correspondences
Al 2NNBaLR2YyRSYyOSa FFENJI FNRY GKSANI AYIl 3S

Al 2NNBaLR2yRSyOSa FFOAy3 |glé& FTNRBY (0KS
A avoids model getting stuck in front of the imapgjeels



Depth Image Model Convergence View
Front

XX
Predicted Inferred Skeleton and
Correspondences Ground Truth Joints



Depth Image

Predicted
Correspondences

Model Convergence View
Side

Inferred Skeleton and
Ground Truth Joints

Top
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(% joints within distanceD)
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Results on 5000 synthetic images

D: max allowed distance to GT (m)



Hard Metric: o Yy i
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Comparison

70% === \/itruvian Manifold 1

|
—[Shotton et al. '11] (top hypothesis) I
60% | —

- [Girshick et al. 11] (top hypothesis)

500 . " [Shotton et al. '11] (best of top 5)

..... [Girshick et al. '11] (best of top 5) /
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. .
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20% / ' } Achievable algorithms
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Worst case accuracy
(% frames withall joints within dist. D)

0%

0 0.05 0.1 0.15 0.2 0.25 0.3
D: max allowed distance to GT (m)

Results on 5000 synthetic images



Seqguence Result

Depth Image Predicted Correspondences

Each frame fit independently: no temporal information used

N -
!\) &J

Front Side Top
Inferred Skeleton



Depth Image Predicted Correspondences

»

.‘ -
AY q
» 'I

Note that the algorithm fits the character with strongest signal in each frame.

Q7

Front Side Top
Inferred Skeleton



Generalization to Multiple 3D/2D Views

A Easily extended to Q views where each view has
i € correspondences per view
i viewing matrix) to register the scene

A Can also extend to 2D silhouette views
i let data pointsw be 2D image coordinates
i let0 include a projection to 2D
I minimize reprojection error

v

i ET Qo Moi(o




Worst case accuracy
(% frames withall joints within dist. D)
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Silhouette Experiment

-2 Silhouette views

-3 silhouette views

-5 silhouette views
-=-1 depth view

-=-2 depth views

-=-5 depth views
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0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
D: max allowed distance to GT (m)



Vitruvian Manifold: Summary

A Predict perpixel imageto-modelcorrespondences
| train invariance to body shape, size, and pose

AdhyaX20¢ Ll2asS Sai
i fast, accurate Aal

| auto-initializes using correspondences .




SCENECOORDINATE REGRESSIONORESTS
FOR CAMERARELOCALIZATIONIN RGBD IMAGES

AMIEHOTTON BEN GLOCKER CHRISTOPHERZACH SHAHRAM IZzADI ANTONIO CRIMINISI ANDREW HTZGIBBON
[CVPR 2013]




Know this

Observe this

Input RGB

Where Is this?

A world scene

fa) XBOX 360

Input depth

Single RGH frame

6D camera poseD
(camera to scene transformation)




APPLICATIONS

A Lost or kidnapped robots

A ImprovingKinectFusion

A Augmented reality




TYPICAL APPROACHES TO CAMERA LOCALIZATION

A Trackingd alignment relative to previous frame e.g.Besl& Mac Kaly 09 2]

A Key point detectionY local descriptorsY matchingY geometricverification
e.g[Holzer et al6 1, RNVinder & Browno (, [Lepetit & Fua (, Brscharaet ald
precise

A Whole key-framematching e.g.[Klein& Murray2008] [Gee& MayotCuevas2012] _
) : : : . _ approximate
A Epitomiclocationrecognition [Ni et al.2009]



PROBLEMS IN REALWORLD CAMERA LOCALIZATION

A Thereal world is less exciting than vision researchers might like

U sparse interest points can fall




KEY IDEA: SCENEOORDINATE REGRESSION

Scene coordinatXYZ
e
RGBcolor space




KEY IDEA: SCENE COORDINATE REGRESSION

A Let each pixel predict direct correspondence
to 3D point in scene coordinates:

Scene coordinate XYZ FéGBcoIor space

3D model fromKinectFusion
Input RGB  Input Depth Desired Correspondences (only used for visualize)tion



SCENE COORDINATE REGRESSION

A Offline approach to relocalization
A observe a scene
A train a regression forest

A revisit the scene

A Aim for reallyprecisdocalization
A e.g.suitable for AR overlays
A from a single frame

A without an explicit 3D model

[Bunny: Stanford]



SCENE COORDINATEIREGRESSIONS(ORE) FORESTS

SCoRe Forest

tree 1 b Depth & RGB
features
! ' depth _ D 01 ) B D( 0o )
< (1 fe (P) (p * D) P+ Dy
da-rgb o 51 52
teeT #° fo" ) = I(p+W’Cl>I(p+D(p)’Cz)
Leaf Predictions ' O+

M Forest Predictions * (1) I



TRAINING ASREFOREST

Training Data

A RGBD frames with known camera posé3
A Generate 3D pixel labels automatically:

abels

U

Learning (standard)

A Greedily train tree

A Reduction in spatial variance objective:

si(6
Q.0 =vis) - Y, Seflvisie))
de{L,R} =
with V(S):% S m—m|2
| |(p,m)€8

A Regression, not classification

A Mean shift to summarize,distribution
at leafainto small set O s



ROBUST CAMERA POSE OPTIMIZATION

Energy Function Optimization

A PreemptiveRANSAC
[Nistér ICCV 2003]

: A With pose refinement
E(H) = — Hx;
( ) ; P (mnéllj\r/ll@ Hm X?’HQ) [Chum et al. DAGM 2003]

A efficient updates to means@variances
used byKabschSVD

A Only a small subset of pixels used



INLYING FOREST PREDICTIONS

O 0~
O O
O O

Ground truth  Inferred

Test images Inliers for six hypotheses Camera pose



