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Human Pose Recovery and Behavior Analysis G

Computersiolatasets

How many CV DBs are available?

A Countless

I Several research papers propose new datasets
I Most of them are used for comparative among works in the field

I Some of them are then selected for future challenges:

A E.g.OpenC\CVPR 2015 Vision challenge:
I Vision Challenge

I OpenC\s launching a communiyide challenge to update and extend t@penCV
library. An award pool of $50,000 will be provided to the best performing algorithms in
the following 11 CV application areas:

Amage segmentation Kace recognition

Amage registration Ayesture recognitior 0
Auman pose estimation Aaction recognition c

ASLAM (Simultaneous localization anfiext recognition o
mapping) Aracking OpenCV

Anulti-view stereo matching
Hobject recognition
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Computersiolatasets

A Image/video datasets have increased in size in a dramatic wa
recently.

4 Number
of categories

. IMAGENET

80 million -

all
Caltech 101

101
20
COIL-20
4 1996.

a = 4 time
>

1970 1990 2000 2010

From: ThePromise and Perils &enchmark Datase@nd Challenges. Davigorsyth,AlyoshaEfros FetFeil|,

Antonio Torralbaand AndrewZissermanFrontiers in Computer Vision Workshop, CVPR 2011. 4
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Computersiolatasets

Whichisthe recognitiontasksin C\Vdatabase®

OpenC\thallenge is very representative of the different topics:

Amage segmentation Aace recognition
Amage registration Ayesture recognition
Auman pose estimation Aaction recognition
ASLAM Aext recognition

Anulti-view stereo matching Aracking
Aobject recognition

A Whichisthe input data:
i RGB
I Othervisualrepresentations Depth Thermal

I Multi-modalmulti-disciplinaryin severalcases: ircombinationwith
Inertial sensorsor audio,involvingsignalprocessingpattern
recognition machindearning computervision NLP, etc.
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Computersiolatasets

Example®f datafor different computervisiontopics

» image segmentation

Segmentation Competition

e Segmentation: Generating pixel-wise segmentations giving the class of the object visible at each pixel, or "background" otherwise.

Objects

http://grand-challenge.org/All_Challenges/
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Computersiolatasets

Example®f datafor different computervisiontopics

» Image registration and muliriew stereo matching

Displacement Stereo Matching
ereo Baseline)

Left 2D Image Right 2D Image

3D View

Disparity Map

http://www.dir -lab.com/ReferenceData.html
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Computersiolatasets

Example®f datafor different computervisiontopics

HumanlLayoutPascal 2002010competitions

Person Layout: Predicting the bounding box and label of each part of a person (head, hands, feet).

Image Person Layout

- 4 £

hp://paIIm.ecs.oton.ac.uk/caIIeVC

Human Pose Estimation: New Benchmark and State of the Art Analysis
CVPR 2014

% \

=Sy A

Torso coiseation:

Dataset #iraining Hiest img. type
Full body pose datasets

Parse [ 16] 100 205 diverse
LSP[12] 1,000 1,000 sports (8 types)
PASCAL Person Layout [©] 850 849 everyday
Sport [21] 649 650 sports

UIUC people [21] 346 247 sports (2 types)
LSP extended [13] 10,000 - sports (3 types)
FashionPose | ] 6,530 775 fashion blogs
J-HMDRB [11] 31,838 - diverse (21 act.)
Upper body pose datasets

Buffy Stickmen [ ] 472 276 TV show (Buffy)
ETHZ PASCAL Stickmen [ 7] - 549 PASCAL VOC
Human Obj. Int. (HOT) [273] 180 120 sports (6 types)
‘We Are Family [5] 350 imgs. 175 imgs. group photos
Video Pose 2 [15] 766 519 TV show (Friends)
FLIC[17] 6.543 1.016 feature movies
Sync. Activities [4] - 357 imgs. dance / aerobics
Armlets [V] 9593 2.996 PASCAL VOC/Flickr
MPII Human Pose (this paper) 28.821 11,701 diverse (491 act.)
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Computersiolatasets

Example®f datafor different computervisiontopics

» object recognition

Visual Object Classes Challenge 2012 (VOC2012)

>,
%+ PAS

Computational Le

ALz

C

Classification/Detection Competitions

1. Classification: For each of the twenty classes, predicting presence/absence of an example of that class in the test image.
2. Detection: Predicting the bounding box and label of each object from the twenty target classes in the test image.
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Example®f datafor different computervisiontopics

» face recognition (identification, age estimation, gender recognition, facial
expression analysis)

ChaLearrLookingat People
http://gesture.chalearn.org/

Age
@ PROFILE GAME ACHIEVEMENTS GALLERY RANKING

ecognition

—— UPLOAD IMAGE ——

Upload Images

e
~ RS
0.3 MiE 6.5 7.2
5 the 4 he 4

 EIEmEDET [
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Example®f datafor different computervisiontopics

» gesture recognition

Fym

http://gesture.chalearn.org/
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Computersiolatasets

Example®f datafor different computervisiontopics

» text recognltlon
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Example®f datafor different computervisiontopics

» Tracking

VOT

visual object tracking

frameN X1, Y1, X2, Y2, X3, Y3, X4, Y4

http://www.votchallenge.net/vot2014/
13
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Computersiolatasets

Example®f datafor different computervisiontopics

» Image retrieval

mage
Database

Microsoft Research

MSR-Bing Image Retrieval Challenge (IRC)

http://research.microsoft.com/ernus/projects/irc/
14
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Annotatioaadmetrics

Image segmentation

Segmentation Competition

o Segmentation: Generating pixel-wise segmentations giving the class of the object visible at each pixel, or "background" otherwise.

Image Objects

Annotation: label at pixel level
52y Q0 Ol:N&nd&Bsa A 2 y |

number of _corrected classified pixels
total _number of _pixels

A Perpixel classification performane-=

1 S number_of _corrected classified pixels class i

A Perclass classification Pemae=ca total _number_of _pixels_class |

1.5 TP
performane=-§ ——————
C% TP+FP+FN

A Overlappingjéaccardindex)

(Intersection over the union)

16
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Annotatioaadmetrics

Image registration and mukliriew stereo matching

Annotation: label at pixel level
52y Q0 Ol:N&ndaiBsI A 2y a
Thereis no clearstandard

A GaryE ChristensenXiujuanGeng JonG. Kuh| JoelBruss ThomasJ Grabowski,Imran A.
Pirwanij Michael W. Vannier JohnS Allen, HannaDamasio Introductionto the Nonrigid

ImageRegistrationEvaluationProject(NIREP)BiomedicalmageRegistration LectureNotes
in ComputerSciencd/olume4057, 2006 pp 128135

A Some used measurements:

_15 TP_i
performane=—-g

A Overlapp"’]g Jeccardl ndeX) CLTP i+FP _i+FN i

(Intersection over the union)

A Correlation based on intensity values

17
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Annotatioagadmetrics
human pose estimation

Annotation: bounding boxes for limbs

A &t / metric: considersa body part to be localizedcorrectly if the estimated body segment
endpointsare within 50%o0f the groundtruth segmentiengthfrom their true locations

A GPCPra metric: uses50% of the meangroundtruth segmentlength over the entire test setasa
matchingthresholdfor applyingd t /.t €

Annotation: joint coordinates

A &t / nvetric: measuresaccuracyof the localizationof the bodyjoints. Thethresholdfor matching
of the joint positionto the groundtruth isdefinedasa fraction of the personboundingboxsize

A GPCKE metric: asa t / butdefinethe matchingthresholdas50%of the headsegmentength

http://www .robots.ox.ac.uk/~vgag/publications/papers/ferra@i8.pdf
http://ps.istuebingenmpade/publications/L68get file

18
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ObjeCt recognition Annotation: bounding box

A Detectionvsclassification

< TP i

. 1
A Detection performane= = 8 o= e

Wherea hitfor TP_ishouldsatisfy %E>Q

A Multi-classclassification

number of _corrected classified sample:
total number of _samples

performane=

~ sum(Diag(confusionmatrix)) / (sum(sum(confusionmatrix))

19
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Annotatioaadmetrics

Face Analysis

A Face detection:  detection Annotation: bounding box

A ldentification: multi-class classificationAnnotation: label per face/image
A Gender Recognitiorbinary classification Annotation: label per face/image
A Verification: binary classification  annotation: label per face/image

A Age estimation:
A Regression deviation
Annotation: label/labels/levels per face/image

A Facial expression analysis:
A multi-class classification
A Regression in some cases
A Multi-label

20
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Annotatioaadmetrics

Multi-label BraluationMetrics: | abelBased

Basic Strategy:

Calculate classic singl@bel metric on each labaldependentlyand then
combine metric values over ddbels.

Labelbased multi-label metrics are easy to compute, but ignore the
relationshipsbetweendifferent labeld

Exact Match: is the most strict metric, indicating the percentage of
sampleghat haveall their labelsclassifiedcorrectly

21



Human Pose Recovery and Behavior Analysis G An n Otatl 0 aﬂ dnetrlcs

Multi-label EvaluationMetrics:

Basic Strategy:

Calculate metric value for each instance by addressingrelationships among
different classlabels (especiallythe ranking quality), and then return the mean

valueoverall instances

Popular instancebased multilabel metrics[Schapire& Singer, MLJOO]
Given the learned predictdi(-) orf(-,), and a test seT = {(x;,Y;|]1 <i <t)}

Evaluateshow many times an instancelabel

1) Hamming loss N e Y

(1) J . pair is misclassifiedis the percentageof the
1 1

hlossp(h) = — Z 2 h(ziAY)] Wronglabelst_o the t(_)tal number of I_abels As

t <~ q a loss metric, O is better), being q a

normalization value (e.g. the number of

(3) Coverage labels,cardinalityof Y).

coverager( f Z max mnk f@i,y) =1  Evaluateshow many stepsare needed,
on average,to go down the labellist to

[ rank s (x;.y) returns the rank of derived from f(z,,y)] coverall properlabelsof the instance
Usefulmetric for imageretrieval (related alsoto taxonomyanalysig 22
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gesture recognition (classificatims spotting)

A Multi-classclassification Annotation: label per segmented sequence

A Spotting(canbe multi-labeldependingon behaviortaxonomy)

As fight
o 0
Bs,ﬁght Bs,ﬁght
A,.NB o @ ;
J - S,ﬂ S?n . S‘
s, .
AS n U BS n A, sight N B, 5 2 o
b ] _ g fight s fight — 0 46
Ja.ﬁght = = .
Assignt U Bosignt | o] o £

Annotation:; Iabel/labis at frame level

i
Orevenestandarclassification TP FN

23
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Annotatioaadmetrics

text recognition

Annotation: words locations and ground truth words

MA%// /e . A ﬂ s sLre z

A WER; Word ErrorRate(basedon Levenstheirdistance

WER = S*i* !
58 number of substitutions WER(i —1,5) + 1
A number of deletions WER(i,j) = min {WER(i,j ~1)+1
A number of insertions WER(i —1,5 1) + A(i, )

AN number of sentence words

24



Annotatioaadmetrics

Human Pose Recovery and Behavior Analysis G

text recognition

E(i,j) =min{E(i — 1,j) + 1L,E(i,j — 1) + LE(i — 1,j — 1) + di££(i, )}

L
10
10
10
10

A

I

P O L Y N O M

—

=

£

=f
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0o
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o0

o

=

=
—

10

11
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j—13

GOAL

—_—
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Human Pose Recovery and Behavior Analysis G

text recognition

(2

min{E(i —1,5) + 1, E(i

E(i, 5)

— T I A L
P O L Y N O M I A L

E X P O N E N

H XA O Z R & =~ a4 3

P OLYNOMTIAL

26
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Tracking

Annotation: trajectory coordinates

A Trajectories accumulated distance for detected
localitions

A Bounding boxes
I Overlap

I Hit per tracked bounding box based on overlapping
threshold

27
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Annotatioaadmetrics

Usage of training validationg test sets

A Partitions:
I Training used for learning methods

I Validation useful for tuning parameters, support generalization, and avoid
or delay the appearance okerfitting

I Test only used for final generalization performance

I Use of many splits of the data:
A N-fold crossvalidation
A Randomvsstratified

I Confidence interval is useful to analyze the stability of the results
I Statistical significance analysis

JanedDemsay Statistical Comparisons of Classifiers over Multiple Data Sets,
Journal of Machine Learning Research, Volume 7, 12/1/2006, P&fes 1

28



Human Pose Recovery and Behavior Analysis G

Annotatioaadmetrics

Whichaspectof the data set aranteresting

Lookingfor generalization
-Groundtruth quality
AR 2 ycQeregions
Anter-labellervarability
fetc.
-Trainingset variability
-Amountof data

29
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The 2005-2012 Visual Object Challenges

A. Zisserman, C. Williams, M. Everingham, L. v.d. Gool

Classification: is there an X in this image?,

Detection: where are the X's 7

Segmentation: which pixels belong to X 7
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The challenge organizer perspective

Selecting the data
real images from flickr (no selection / cleaning)

Annotation, how

Occluded Difficult
Object is Not scored
significantly in evaluation
occluded within BB
Truncated Pose
Object extends Facing left
beyond BB

Annotation, who
» Annotation parties

» The Amazon turk 32
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Experimental setting

» At least 500 images per object
» Equally divided among training/validation and test

» Increased along years (enables to measure progress)

Software supplied
» Includes baseline classifier/detector/segmenter
» Generates precision-recall curve and computes accuracy scores

» On train/validation/test and other datasets

Means that results on VOC can be consistently compared in

publications
33
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Evaluation

Option 1

Release test data and annotation (most liberal) and participants
can assess performance

Cons: open to abuse

Option 2

Release test data, but test annotation withheld - participants
submit results and organizers assess performance (use an evaluation
server)

Option 3
No release of test data - participants have to submit software and

organizers run this and assess performance
34
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PASCAL
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* Results on 2008 data improve for best 2009 and 2010 methods

for all categories, by over 100% for some categories
— Caveat: Better methods or more training data?
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IMAGENET
Recognition Challenge (ILSVRC)

http://image-net.org/challenges/LSVRC

Large Scale Visual

Thx to: Olg&Russakovskystanford University

37
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PASCAL VOC 202612
20 object classes 22,591 images

Classification: person, motorcycle

Segmentation

Action: riding bicycle

EveringhamVanGool Williams, Winn andisserman
ThePASCAL Visual Object Classes (Zbatenge. [JCV 201C
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IMAGENET

IMAGENET ILsVvRC 2012014

20-objectclasses 22591 images
200 object classes 517,840 images
DETECTION
1000 object classes 1 431 167images
CLASSIF. ; L |

http://image-net.org/challenges/LSVRC 40
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ILSV

Image classification

A oneobiject class per
image

A nobounding boxes

Steel drum

IMAGENET

RC types of image annotations

Singleobject localization

A oneobject class per image
A bounding boxes aroundll
instancesof this class

Steel drum

o S

Object detection

A alltarget object classes

A bounding boxes aroundll
instances

Person

Statistics of ILSVRC2014 released annotated images:

1000 object classes
1,331,167 images

1000 object classes
573,966 images
657,231 bounding boxes

200 object classes
81,799 images
228,981 bounding boxes

41
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IMAGENET

ILSVRC laregrale annotation
amazonmechancalt ||MAGENET

. — J. Deng, W. Dong, Bocher L-J. Li, LFeiFei ImageNet
Multi-step pipeline A LargeScale Hierarchical Image Database. CVPR, 2009

for bounding box annotation

Hierarchical multiabel annotation

Fail
T & Man-made objects

Pass Animals H
N aualiy il Coverage Furniturs Label hierarchy
Verification verification Labe|5 mk\ A
Input Table  Chair Bowl Dog Cat

o //Fail Pass
= IoEEEE
gl
v —_— cee
+ - + - + -
Label
+ + - - - - sparsity
=
Sy ) ) ) ) ]
H. Su, J. Deng, EeiFei Crowdsourcing Annotation fo Label correlation
Visual Object detection. AANcompworkshop 2012. J. Deng, O. Russakovsky, J. Krause, M. Bernstein, A. Beiel..

Scalable multiabel annotation. CHI, 2014

O. Russakovsky*, J. Deng*, etladageNet_arge Scale Visual Recognition Challenge. mpcw.orgabs/1409.61§75



a k~ W D P

. IMAGENET

Challenge procedure every year

Trainingdata released: images and annotations
Testdata released: images only (annotations hidden)
Participants train their models amain data

Submit text file with predictions ofest images

Evaluate and release results, and run a workshop

http://image-net.org/challenges/LSVRC/2014/eccv2014

43
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Participation in ILSVRC over the vears

0 120
D
' 100
o
-
Q g0
IS ILSVRC 2014:
O 60 Lo 123 entries
Q ILSVRC 2013:
4

g 0 ILSVRC 2011 31 entries
< 20 ILSVRC 2010

0

3 years: 2013 2014
20102012

Year

44
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IMAGENET

_| Fast computational
a1 resource: GPUs
S STVt R R

e A ’
S Y VN
- S
. o ) N :
b, o 15 U
,i.. i 1

4 Diverse largescale
; annotated data:

Powerful algorithm:
Convolutional
neural network

| ILSVRC

A.Krizhevsket al.ImageNetClassification with Deep Convolutional Neural Networks. NIPS 2012

45
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ILSVR@nageclassification task

Steel drum
Output: Output:
Scale Scale e
T-shirt w T-shirt
Steel drum H Giant panda H
Drumstick ¢ Drumstick ¢
Mud turtle Mud turtle
=_1 1[incorrect on imagé
Error 100,000 [ 9 ]
109000

Images

46
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IMAGENET

Deep learning impact on
ILSVRC classification accuracy

0.28 _

. 0s 0.26

o

o Massive drop in
S 02 0.16 | error with adeep
E 0.12 learningmethod
% 01 0.07

)

S

Q

2010 2011 2012 2013 2014
ILSVRC year

Russakovsky* and Deng* et dinageNet_arge Scale Visual Recognition Challenge;/httpxiv.orgabs/1409.0575 47
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Deep learning Is here to stay
Year 2012 Year 2014

SuperVision GoogLeNet VGG MSRA

W
conv-64
conv-64

maxpool
jsf=s) )

:m =] conv-128
ot ]
= conv-128 .

E7 s;? =] maxpool

=< ]
= g conv-256 :
=] 1:.: = conv-256
e i __maxpool

- fem conv-512
B e e I—

i i conv-512
= ]
i maxpool

- Tﬁ? - conv-512
7 Lo le g: g : h conv-512
- - _ maxpool

gs 5 - 3:;‘: o FC-4096

gx g e FC-4096

i QJ >°< l Convolution gz g - FC-1000
- E Pooling = softmax |

g §J<L
8 & 3 ™
& ® Other
a -
*E g
E g

[KrizhevskWNIPS 2012] | [Szegedyrxiv2014] [Simonyararxiv2014] [Hearxiv2014]

BlegfEe:

35/36teams used
deep learning

20/36teams used
opensourceCaffe
Implementation

48
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IMAGENET (Highestaccuracy

in percent of any
method in ILSVRC

Easiest and hardest categories 20122014
for Iimage classification

red fox (100) hen-of-the-woods (100)  ibex (100)  goldfinch (100) flat-coated retriever (100)

Easiest
(100)

X YR MMN
categories with
100% accuracy!

Hardest hooi( (66) sptllght
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ILSVRC singtibject localization task

Steel drum
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ILSVRC singtibject localization task
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ILSVRC singtmject localization task

Steel drum

Foldin |
g chair §
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ILSVRC singtibject localization task

Steel drum

. 1 . . .
Error = 100’0001 1[incorrect on image]
10%,000

images
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Classification error

0.3

0.2y

017

Human Pose Recovery and Behavior Analysis G

Classification

0.28

0.26

0.12

0.07 i

2010 2011 2012 2013 2014
ILSVRC year
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Localization error

0.5

0.4

0.3]

0.27

0.1

IMAGENET

ILSVRC over the years

Classification+localization

0.43

0.34

0.30

0.25

2011

2012 2013
ILSVRC year

2014
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in percent of any
method in ILSVRC

Easiest and hardest categories 20122014
for singleobject localization

Leonberg (100) ruffed grouse (100) ruddy turnstone (100) giant schnauzer (99) tiger (99)

> 1

i . N~

| < S

B
— s P

Easiest African hunting dog (99)

horizontal bar (41) flagpole (38) hook (37)

Hardest .
spothght (35) wing (35)
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ILSVRC object detection task
Fully annotated 200 object classes across 120,000 images

Person

Helmet

Allows evaluation of generic object detection
In cluttered scenes at scale
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ILSVRC object detection task

Allinstances ofll target object classes expected to be localizedbtest images

Evaluation modeled after PASCAL VOC:

A Algorithm outputs a list of bounding box
detections with confidences

Person

A A detection is considered correct if overlap
Helmet with ground truth is big enough

A Evaluated by average precision per object
class

A Winners of challenge is the team that wins
the most object categories

EveringhamVanGool Williams, Winn andissermanThePASCAL Visual Object Classes (Z@&lenge. [JGV 2010.
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ILSVRC object detection data

person

person " I« ol
; !person

flower pot o
ielme
L power drill
motorcycle
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ILSVRC detection since 2013

0.5 ' 44% ﬂ
c
.9 04 -
g ~18% due to better methods
D 03} |
o T~3% due to more data
)
o 0.27 I
©
)
D o1
<

0
2013 2014
ILSVRC year

1.9xincrease In object detection average
precision in one year
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(Highest average
precision in percent
of any method in

Easiest and hardest categories for object detectioyic 20214

butterﬂy (93) dog (84)

0

voIIeybaII ,(83) rabbit (83) frog (82)

Easiest basketball (80) snowplow (80) ir7) : zebra (77)
- N
i&
Iamp (15) flute (15) horizontal bar (14) spatula (13) nail (13)
i
Hardest .

ski (12) micrho ‘(1 1)rubber eraser (10) ladle (9)  backpack (8)
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 IMAGENET

Q: So how well do current methods work
on largescale object recognition?

A Well, they work much better than last year!

A Work very well on
A Classifying and detecting animals
A Recognizing objects with distinctive patterns

A52yQi ¢g2N] |a ¢Sttt 2y
A Thin objects
A Untexturedobjects
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What is human accuracy on ILSVRC2014 classificatio
Humanvscomputer accuracyn ILSVRC2014 classification
A Compared expert human annotators with winniGgogLeNeentry

Totalnumber of images 1500
GooglLeNetlassification error 6.8%
Human classification error ?
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Humanvscomputer accuracegn ILSVRC2014 classification

A Compared expert human annotators with winniGgogLeNeentry

___________________Annotaorl

Totalnumber of images 1500
GooglLeNetlassification error 6.8%
Human classification error 5.1%

Russakovsky* and Deng* et dinageNet_arge Scale Visual Recognition Challenge;/httpxiv.orgabs/1409.0575 63
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Humanvscomputer accuracegn ILSVRC2014 classification

A Compared expert human annotators with winniGgogLeNeentry

Totalnumber of images 1500
GooglLeNetlassification error 6.8%
Human classification error 5.1%

A Annotator1 achieve better accuracy than GoogLeNet by7%
A Task requireasignificantamount of training for humans

Russakovsky* and Deng* et dinageNet_arge Scale Visual Recognition Challenge;/httpxiv.orgabs/1409.0575 64
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Humanvscomputer accuracy ohLSVRC2014 classification

A Compared expert human annotators with winniGgogLeNeentry

Totalnumber of images 1500 258
GooglLeNetlassification error 6.8% 5.8%
Human classification error 5.1% 12.0%

A Annotator1 achieve better accuracy than GoogLeNet by7%
A Task requireasignificantamount of training fohumans

Russakovsky* and Deng* et dinageNet_arge Scale Visual Recognition Challenge;/httpxiv.orgabs/1409.0575 65
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Q: Are current methods close to human
level classification accuracy?

Current methods are not as
good as humans yet,

but
current methods are better than
non-domainexpert humans on
fine-grained classification!

Russakovsky* and Deng* et dinageNet_arge Scale Visual Recognition Challenge;/httpxiv.orgabs/1409.0575 66
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ILSVRC object detectioall instances of the 200 target objects

Cup [
o Lamp Lamp
y R Potted
cup Potted Plant
Plant
Person Tapeplayer
Potted Person
Plant
Couch
Backpack
TV ﬁ
| Couch

Table
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INDEX
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3.PASCAChallenges
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5.ChaLearrChallenges
6.0therlargescaleCVDBs
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ChaleatrookingtPeople

ChalLearmttp://www.chalearn.org/

Mission:

Machine Learning is the science of building hardware or software that can achieve tasks by learning from
examples. The examples often come as {input, output} pairs. Given new inputs a trained machine can make
predictions of the unknown output.

Examples of machine learning tasks include:

e automatic reading of handwriting

e assisted medical diagnosis

e automatic text classification (classification of web pages; spam filtering)
e financial predictions

We organize challenges to stimulate research in this field. The web sites of past challenges remain open
for post-challenge submission as ever-going benchmarks.

Chalearn is a tax-exempt organization under section 501(c)(3) of the US IRS code. DLN: 17053090370022.

o CHA
S oo LEARN

Chalearn Looking at people (multimedia datasétfip://gesture.chalearn.org/)
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ChaleatrookingtPeople

ChaLearn Looking at People Challenges and Workshops

CVPR 2011
CVPR 2012
ICPR 2012
ICMI 2013
ECCV 2014

CVPR 2015

ICCV 2015

~ 2016

Workshop and Challenge on Muftiodal Sign Language Recognition
Workshop and Challenge on Mutftiodal Sign Language Recognition
Workshop and Challenge on Mutftiodal Sign Language Recognition
Workshop and Challenge on Muttiodal gesture recognition

Workshop and Challenge on muttiodal gesture spotting, human pose
recovery, action/interaction spotting

Workshop and Challenge on human pose recovery, action/interaction
spotting, cultural event recognition

Workshop and Challenge on age estimation, action spotting and cultt
event recognition

Workshop and Challenge on Mutftiodal speed interviews analysis

And so on! Let us know about your opini@@rgio@maia.ub.es

71


mailto:sergio@maia.ub.es

Y, G

W gy
{'}jﬂB,A ChaleatrmookingtPeople

ChaLearn Looking at People Challenges and Workshops

CVPR 2011 Workshop and Challenge on Mdiftiodal Sign Language Recognition
CVPR 2012 Workshop and Challenge on Mdiftiodal Sign Language Recognition
ICPR 2012 Workshop and Challenge on Mdiftiodal Sign Language Recognition

Microsoft:

Research

NOISSHAIXH
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ChaleatrookingtPeople

Chalearn Looking at People Challenges and Workshops

CVPR 2011 Workshop and Challenge on Mdiftiodal Sign Language Recognition
CVPR 2012 Workshop and Challenge on Mdiftiodal Sign Language Recognition
ICPR 2012 Workshop and Challenge on Mdiftiodal Sign Language Recognition

Microsoft:

1. Body language gestures (like scratching your Resea rCh

head, crossing your arms).

2. Gesticulations performed to accompany speech.
3. lllustrators (like Italian gestures).

4. Emblems (like IndiaMudras).

5. Signs (from sign languages for the deaf).

6. Signals (like referee signals, diving signals, or
Marshalling signals to guide machinery or
vehicle).

7. Actions (like drinking or writing).

8. Pantomimes (gestures made to mimic actions).
9. Dancepostures

Evaluationmetric: levensteinedition distance
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Chalearn Looking at People Challenges and Workshops
ICMI 2013 Workshop and Challenge on Mdiftiodal gesture recognition

EE m Multi-modal ChalLearn Gesture Recognition
Challenge and Workshop

http://gesture.chalearn.org/ Web of the competition
sunai.uoc.educthalearn Data

Thechallengefeaturesa quantitative evaluation of automaticgesturerecognitionfrom a

multi-modal datasetrecordedwith Kinect(providingRGBmagesof faceand body, depth

images of face and body, skeleton information, joint orientation and audio sources),
including 13,858 Italian gesturesfrom near 30 users

Theemphasigf this edition of the competitionwill be on multi-modalautomaticlearning
of a vocabularyof 20 types of Italian anthropological/cultural gesturesperformed by
different users with the aim of performing user independent continuous gesture

recognitioncombinedwith audioinformation.
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Chalearn Looking at People Challenges and Workshops

ICMI 2013 Workshop and Challenge on Mdiftiodal gesture recognition
Gesturecategorieq1/2)

1) Vaitene

Perfetto (5) Che due palle

(6) Che vuoi (7) Vanno d’accordo (8) Sei pazzo (9) Cos hai combinato (10) Nonme me friega /5
niente
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ChaleatrookingtPeople

Chalearn Looking at People Challenges and Workshops

ICMI 2013 Workshop and Challenge on Mdiftiodal gesture recognition
Gesturecategorieq2/2)

(11) Ok (13) Basta (15) Non ce ne piu

(16) Ho fame (17) Tanto tempo fa (18) Buonissimo (19) Si sono messi (20) Sono stufo
d’accordo
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Chalearn Looking at People Challenges and Workshops
ICMI 2013 Workshop and Challenge on Mdiftiodal gesture recognition

Data andmodalities

A

AFramerate20FPS |
ARGB: 640%x480 ATotalnumberof sequences956 [1,2] min.
ADeptH 640x480 ATotalnumberof gestures 13,858

AAudio:Kinect20 michroponearray ﬁil[lot_c':llnumtberof frames 1.720.800
AUsers 27 oisygestures

Altalians 81%

Datastructure information: S. Escalera, GonzalezX.Barg M. Reyes, Q.opes . Guyon V.Athistos H.J.

Escalante, Multi-modal GestureRecognitiorChallenge2013:Datasetand Results, ICMI 2013
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Chalearn Looking at People Challenges and Workshops
ICMI 2013 Workshop and Challenge on Mdiftiodal gesture recognition

Easy and challenging aspects of the data.

Easy

Fixed camera

Near frontal view acquisition

Within a sequence the same user

Gestures performed mostly by arms and hands

Camera framing upper body

Several available modalities: audio, skeletal model, user mask,
depth, and RGB

Several instances of each gesture for training

Single person present in the visual field

Challenging

Within each sequence:

Continuous gestures without a resting pose

Many gesture instances are present

Distracter gestures out of the vocabulary may be present in terms
of both gesture and audio

Between sequences:

High inter and intra-class variabilities of gestures in terms of both
gesture and audio

Variations in background, clothing, skin color, lighting, tempera-
ture, resolution

Some parts of the body may be occluded

Different Italian dialects

Evaluationmetric:; levensteinedition distance
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ChalLearn Looking at People Challenges and Workshops
ICMI 2013 Workshop and Challenge on Muttiodal gesture recognition

+Audio Levensteinscore
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