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How many CV DBs are available? 

Å Countless 

ï Several research papers propose new datasets 

ï Most of them are used for comparative among works in the field 

ï Some of them are then selected for future challenges: 

ÅE.g. OpenCV CVPR 2015 Vision challenge: 

ï Vision Challenge 

ï OpenCV is launching a community-wide challenge to update and extend the OpenCV 
library. An award pool of $50,000 will be provided to the best performing algorithms in 
the following 11 CV application areas: 
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Computer vision datasets 

Åimage segmentation 
Åimage registration 
Åhuman pose estimation 
ÅSLAM (Simultaneous localization and 
mapping) 
Åmulti-view stereo matching 
Åobject recognition 

 

Åface recognition 
Ågesture recognition 
Åaction recognition 
Åtext recognition 
Åtracking 
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Å Image/video datasets have increased in size in a dramatic way 
recently. 
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From: The Promise and Perils of Benchmark Datasets and Challenges. David Forsyth, Alyosha Efros, Fei-Fei Li, 
Antonio Torralba and Andrew Zisserman. Frontiers in Computer Vision Workshop, CVPR 2011. 

Computer vision datasets 
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Which is the recognition tasks in CV databases? 

 

 

ÅWhich is the input data: 
ïRGB 

ïOther visual representations: Depth, Thermal  

ïMulti-modal multi-disciplinary in several cases: in combination with 
inertial sensors or audio, involving signal processing, pattern 
recognition, machine learning, computer vision, NLP, etc. 
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Computer vision datasets 

OpenCV challenge is very representative of the different topics:  

Åimage segmentation 
Åimage registration 
Åhuman pose estimation 
ÅSLAM 
Åmulti-view stereo matching 
Åobject recognition 

 

Åface recognition 
Ågesture recognition 
Åaction recognition 
Åtext recognition 
Åtracking 
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Examples of data for different computer vision topics 
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Computer vision datasets 

» image segmentation 

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

http://pascallin.ecs.soton.ac.uk/challenges/VOC/ 
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Examples of data for different computer vision topics 
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Computer vision datasets 

» image registration and multi-view stereo matching 

http://www.dir -lab.com/ReferenceData.html 
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Examples of data for different computer vision topics 
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Computer vision datasets 

http://pascallin.ecs.soton.ac.uk/challenges/VOC/ 

Human Layout Pascal 2007-2010 competitions 

Human Pose Estimation: New Benchmark and State of the Art Analysis 
CVPR 2014 
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Examples of data for different computer vision topics 
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Computer vision datasets 

» object recognition 
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Examples of data for different computer vision topics 
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Computer vision datasets 

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

 ChaLearn Looking at People 
http://gesture.chalearn.org/ 
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Examples of data for different computer vision topics 
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Computer vision datasets 

http://gesture.chalearn.org/ 

» gesture recognition 
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Examples of data for different computer vision topics 
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Computer vision datasets 

» text recognition 
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Examples of data for different computer vision topics 
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Computer vision datasets 

» Tracking 

 

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

frameN: X1, Y1, X2, Y2, X3, Y3, X4, Y4 
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Examples of data for different computer vision topics 
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Computer vision datasets 

» Image retrieval 

 

http://research.microsoft.com/en-us/projects/irc/ 
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Annotations and metrics 

image segmentation 

ÅPer-pixel classification 

 

ÅPer-class classification 

 

ÅOverlapping (jaccard index) 
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Annotation: label at pixel level 
5ƻƴΩǘ ŎŀǊŜ ǊŜƎƛƻƴǎ: boundaries 
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Annotations and metrics 

image registration and multi-view stereo matching 
 

There is no clear standard 

 

Å Gary E. Christensen, Xiujuan Geng, Jon G. Kuhl, Joel Bruss, Thomas J. Grabowski, Imran A. 
Pirwani, Michael W. Vannier, John S. Allen, Hanna Damasio, Introduction to the Non-rigid 
Image Registration Evaluation Project (NIREP), Biomedical Image Registration, Lecture Notes 
in Computer Science Volume 4057, 2006, pp 128-135  

 

 

 

ÅSome used measurements: 

 

ÅOverlapping (jaccard index) 

 

ÅCorrelation based on intensity values 
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Annotation: label at pixel level 
5ƻƴΩǘ ŎŀǊŜ ǊŜƎƛƻƴǎ: boundaries 



Human Pose Recovery and Behavior Analysis Group 

18 

Annotations and metrics 

human pose estimation 
 

Å άt/tέ metric: considers a body part to be localized correctly if the estimated body segment 
endpoints are within 50% of the ground-truth segment length from their true locations. 

 

Å άPCPmέ metric: uses 50% of the mean ground-truth segment length over the entire test set as a 
matching threshold for applying άt/tέ.  

 

             Annotation: joint coordinates 

 

Å άt/Yέ metric: measures accuracy of the localization of the body joints. The threshold for matching 
of the joint position to the ground-truth is defined as a fraction of the person bounding box size.  

 

Å άPCKhέ metric: as άt/Yέ but define the matching threshold as 50% of the head segment length.  

 

http://www.robots.ox.ac.uk/~vgg/publications/papers/ferrari08.pdf 

http://ps.is.tuebingen.mpg.de/publications/168/get_file 

 
 

Annotation: bounding boxes for limbs 
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Annotations and metrics 

object recognition 

ÅDetection vs classification 

 

ÅDetection 

 

 

 

ÅMulti-class classification 
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Annotation: bounding box 
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Annotations and metrics 

Face Analysis 
 

Å Face detection: detection   
Å Identification: multi-class classification 
ÅGender Recognition: binary classification 
Å Verification:  binary classification 
Å Age estimation: 

ÅRegression deviation 

 
Å Facial expression analysis:  

Åmulti-class classification 
ÅRegression in some cases 
ÅMulti-label 

 
 

       

 

Annotation: bounding box 

Annotation: label per face/image 

Annotation: label per face/image 

Annotation: label/labels/levels per face/image 

Annotation: label per face/image 



Human Pose Recovery and Behavior Analysis Group 

21 

Annotations and metrics 

Multi-label Evaluation Metrics: Label-Based 

Basic Strategy: 

Calculate classic single-label metric on each label independently, and then 

combine metric values over all labels. 

Label-based multi-label metrics are easy to compute, but ignore the 

relationships between different labels! 

Exact Match: is the most strict metric, indicating the percentage of 

samples that have all their labels classified correctly. 
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Annotations and metrics 

 

Multi-label Evaluation Metrics: Instance-Based 
Basic Strategy: 

Calculate metric value for each instance by addressing relationships among 

different class labels (especially the ranking quality), and then return the mean 

value over all instances. 

Popular instance-based multi-label metrics [Schapire & Singer, MLJ00]:  

Given the learned predictor h(·) or f(·,·), and a test set 

(1) Hamming loss Evaluates how many times an instance-label 
pair is misclassified (is the percentage of the 
wrong labels to the total number of labels. As 
a loss metric, 0 is better), being q a 
normalization value (e.g. the number of 
labels, cardinality of Y). 

(3) Coverage 

Evaluates how many steps are needed, 
on average, to go down the label list to 
cover all proper labels of the instance.  returns the rank of y derived from 

Useful metric for image retrieval (related also to taxonomy analysis) 
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Annotations and metrics 

gesture recognition (classification vs spotting) 
 
 ÅMulti-class classification 

 

ÅSpotting (can be multi-label depending on behavior taxonomy) 

Annotation: label per segmented sequence 

Annotation: label/labels at frame level 

Or even estandar classification             TP                       FN 
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Annotations and metrics 

text recognition 

ÅWER ς Word Error Rate (based on Levensthein distance) 

ÅS number of substitutions 

ÅB number of deletions  

ÅI number of insertions 

ÅN number of sentence words 

 

Annotation: words locations and ground truth words 
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Annotations and metrics 

text recognition 
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Annotations and metrics 

text recognition 
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Annotations and metrics 

Tracking 

ÅTrajectories: accumulated distance for detected 
localitions 

 

ÅBounding boxes:  

ïOverlap 

ïHit per tracked bounding box based on overlapping 
threshold  

Annotation: trajectory coordinates 



Human Pose Recovery and Behavior Analysis Group 

28 

Annotations and metrics 

Usage of training ς validation ς test sets 

Å Partitions: 
ïTraining used for learning methods 

ïValidation useful for tuning parameters, support generalization, and avoid 
or delay the appearance of overfitting 

ïTest only used for final generalization performance 

ïUse of many splits of the data: 
ÅN-fold cross-validation 

ÅRandom vs stratified  

ïConfidence interval is useful to analyze the stability of the results 

ïStatistical significance analysis 

 

Janez Demsar, Statistical Comparisons of Classifiers over Multiple Data Sets, 
Journal of Machine Learning Research, Volume 7, 12/1/2006, Pages 1-30 
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Which aspects of the data set are interesting  
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Annotations and metrics 

Looking for generalization: 
-Ground truth quality 
ÅŘƻƴΩǘ care regions 
ÅInter-labeller varability 
Åetc. 

-Training set variability 
-Amount of data 
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PASCAL 
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PASCAL 
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PASCAL 
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PASCAL 
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PASCAL 
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                          Large Scale Visual 

Recognition Challenge (ILSVRC) 
http://image-net.org/challenges/LSVRC/ 

Thx to: Olga Russakovsky, Stanford University 

IMAGENET 

37 
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Large-scale recognition 
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PASCAL VOC 2005-2012 

IMAGENET 

 

Classification: person, motorcycle 

Detection Segmentation 

Person 

Motorcycle 

Action: riding bicycle 

Everingham, Van Gool, Williams, Winn and Zisserman. 
The PASCAL Visual Object Classes (VOC) Challenge. IJCV 2010. 

20 object classes  22,591 images 
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                           ILSVRC 2010-2014 

IMAGENET 

 

20 object classes  22,591 images 

  200 object classes     517,840  images 
 DETECTION  
 1000 object classes  1,431,167 images 
 CLASSIF. Person 

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

Person 

Dog 

Person 
Person 

40 
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ILSVRC types of image annotations 

IMAGENET 

 

Steel drum 

Image classification 
Å one object class per 

image 
Å no bounding boxes 

Single-object localization 
Å  one object class per image 
Å bounding boxes around all 

instances of this class 

Steel drum Person      Car    Motorcycle   Helmet 

Object detection 
Å  all target object classes 
Å  bounding boxes around all 

instances 

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 

Statistics of ILSVRC2014 released annotated images: 

41 
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ILSVRC large-scale annotation 

IMAGENET 

 

O. Russakovsky*, J. Deng*, et al. ImageNet Large Scale Visual Recognition Challenge. http://arxiv.org/abs/1409.0575 

J. Deng, W. Dong, R. Socher, L.-J. Li, L. Fei-Fei. ImageNet:  
A Large-Scale Hierarchical Image Database. CVPR, 2009 Multi-step pipeline 

for bounding box annotation 

H. Su, J. Deng, L. Fei-Fei. Crowdsourcing Annotation for 
Visual Object detection. AAAI Hcomp workshop 2012. J. Deng, O. Russakovsky, J. Krause, M. Bernstein, A. Berg, L. Fei-Fei. 

Scalable multi-label annotation. CHI, 2014 

Hierarchical multi-label annotation 

42 
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Challenge procedure every year 

1. Training data released: images and annotations 

2. Test data released: images only (annotations hidden) 

3. Participants train their models on train data 

4. Submit text file with predictions on test images 

5. Evaluate and release results, and run a workshop 

IMAGENET 

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

43 
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Participation in ILSVRC over the years 

IMAGENET 

 

Year 

N
u

m
b

e
r 

o
f 
e

n
tr

ie
s 

3 years: 
2010-2012 

2013 

ILSVRC 2010 

ILSVRC 2011 

ILSVRC 2012 

ILSVRC 2013: 
81 entries 

2014 

120 

100 

80 

60 

40 

20 

0 

ILSVRC 2014: 
123 entries 
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IMAGENET 

 

Fast computational 
resource: GPUs 

Diverse large-scale 
annotated data: 
ILSVRC 

Powerful algorithm: 
Convolutional 
neural network 

A. Krizhevsky et al. ImageNet Classification with Deep Convolutional Neural Networks. NIPS 2012 45 
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Output: 
Scale 
T-shirt 

Steel drum 
Drumstick 
Mud turtle 

Steel drum 

ᾜ ᾟ 
Output: 

Scale 
T-shirt 

Giant panda 
Drumstick 
Mud turtle 

Error =   ʅ 
100,000 
images 

1[incorrect on image i] 1 
100,000 

ILSVRC image classification task 

IMAGENET 
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Deep learning impact on 
ILSVRC classification accuracy 

IMAGENET 

 

0.28 
0.26 

0.16 

0.12 

0.07 

Massive drop in 
error with a deep 
learning method  

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 47 
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Deep learning is here to stay 

IMAGENET 

 

Convolution 
Pooling 
Softmax 
Other 

GoogLeNet VGG MSRA SuperVision 

[Krizhevsky NIPS 2012] 

Year 2012 Year 2014 

[Szegedy arxiv 2014] [Simonyan arxiv 2014] [He arxiv 2014] 

35/36 teams used 
deep learning 
 
20/36 teams used 
open-source Caffe 
implementation 
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Easiest and hardest categories 
for image classification 

IMAGENET 

 

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 

Easiest 

Hardest 

Χ ŀƴŘ ммм ƳƻǊŜ 
categories with 
100% accuracy! 

(Highest accuracy 
in percent of any 
method in ILSVRC 
2012-2014)  

49 



Human Pose Recovery and Behavior Analysis Group 

ILSVRC single-object localization task 

IMAGENET 

 

Steel drum 
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ᾜ 
Foldin
g chair 

Persian 
cat 

Loud 
speaker 

Steel 
drum Picket 

fence 

Output Steel drum 

ILSVRC single-object localization task 

IMAGENET 
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ᾜ 
Foldin
g chair 

Persian 
cat 

Loud 
speaker 

Steel 
drum Picket 

fence 

Output 

ᾟ 
Foldin
g chair 

Persian 
cat 

Loud 
speaker 

Steel 
drum Picket 

fence 

Output (bad localization) 

ᾟ 
Foldin
g chair 

Persian 
cat 

Loud 
speaker 

Picket 
fence 

King 
penguin 

Output (bad classification) 

Steel drum 

ILSVRC single-object localization task 

IMAGENET 
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ᾜ 
Foldin
g chair 

Persian 
cat 

Loud 
speaker 

Steel 
drum Picket 

fence 

Output Steel drum 

ILSVRC single-object localization task 

IMAGENET 

 

Error =   ʅ 
100,000 
images 

1[incorrect on image i] 1 
100,000 

53 



Human Pose Recovery and Behavior Analysis Group 

ILSVRC over the years 
on image classification 

IMAGENET 

 

0.28 
0.26 

0.16 

0.12 

0.07 

0.43 

0.34 
0.30 

0.25 

Classification 

Classification+localization 

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 54 
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Easiest and hardest categories 
for single-object localization 

IMAGENET 

 

(Highest accuracy 
in percent of any 
method in ILSVRC 
2012-2014)  

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 

Easiest 

Hardest 
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Fully annotated 200 object classes across 120,000 images  

Allows evaluation of generic object detection 
in cluttered scenes at scale 

Person 
Car 

Motorcycle 
Helmet 

ILSVRC object detection task 

IMAGENET 

 

New in 2013 
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Person 
Car 

Motorcycle 
Helmet 

Evaluation modeled after PASCAL VOC: 
 
Å Algorithm outputs a list of bounding box 

detections with confidences 
 
Å A detection is considered correct if overlap 

with ground truth is big enough 
 

Å Evaluated by average precision per object 
class 
 

ÅWinners of challenge is the team that wins 
the most object categories 

Everingham, Van Gool, Williams, Winn and Zisserman. The PASCAL Visual Object Classes (VOC) Challenge. IJCV 2010. 

ILSVRC object detection task 

IMAGENET 

 

All instances of all target object classes expected to be localized on all test images 
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ILSVRC object detection data 

IMAGENET 
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ILSVRC detection since 2013 
on image classification 

IMAGENET 

 

23% 

44% 

1.9x increase in object detection average 
precision in one year 
 

~3% due to more data 

~18% due to better methods 

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 59 
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Easiest and hardest categories for object detection 

IMAGENET 

 

(Highest average 
precision in percent 
of any method in 
ILSVRC 2012-2014)  

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 

Easiest 

Hardest 
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Q: So how well do current methods work 
on large-scale object recognition? 

Å Well, they work much better than last year! 
 

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

 

Å5ƻƴΩǘ ǿƻǊƪ ŀǎ ǿŜƭƭ ƻƴ  
Å Thin objects 
Å Untextured objects 

 
 Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 

IMAGENET 
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ÅCompared expert human annotators with winning GoogLeNet entry 

Annotator 1 Annotator 2 

Total number of images 1500 258 

GoogLeNet classification error 6.8% 5.8% 

Human classification error ? 12.0% 

Human vs computer accuracy on ILSVRC2014 classification 

IMAGENET 

 

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 62 

What is human accuracy on ILSVRC2014 classification? 
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ÅCompared expert human annotators with winning GoogLeNet entry 

Annotator 1 Annotator 2 

Total number of images 1500 258 

GoogLeNet classification error 6.8% 5.8% 

Human classification error 5.1% 12.0% 

Human vs computer accuracy on ILSVRC2014 classification 

IMAGENET 

 

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 63 
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ÅCompared expert human annotators with winning GoogLeNet entry 

ÅAnnotator 1 achieved better accuracy than GoogLeNet by 1.7%  
ÅTask required significant amount of training for humans 

Annotator 1 Annotator 2 

Total number of images 1500 258 

GoogLeNet classification error 6.8% 5.8% 

Human classification error 5.1% 12.0% 

Human vs computer accuracy on ILSVRC2014 classification 

IMAGENET 

 

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 64 
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ÅCompared expert human annotators with winning GoogLeNet entry 

ÅAnnotator 1 achieved better accuracy than GoogLeNet by 1.7%  
ÅTask required significant amount of training for humans 

Annotator 1 Annotator 2 

Total number of images 1500 258 

GoogLeNet classification error 6.8% 5.8% 

Human classification error 5.1% 12.0% 

Human vs computer accuracy on ILSVRC2014 classification 

IMAGENET 

 

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 65 
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Current methods are not as 
good as humans yet, 
    but 
current methods are better than 
non-domain-expert humans on 
fine-grained classification! 

Russakovsky* and Deng* et al., ImageNet Large Scale Visual Recognition Challenge, http:// arxiv.org/abs/1409.0575 

Q: Are current methods close to human-
level classification accuracy? 

IMAGENET 
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Person 

Person 
Table 

Table 

TV 

Backpack 

Cup 

Cup 

Cup 

Table 

Couch 

Couch 

Potted  
Plant 

Potted 
Plant 

Lamp 

Potted 
Plant 

Tapeplayer 

ILSVRC object detection: all instances of the 200 target objects 

Lamp 

IMAGENET 
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Future: MORE OBJECTS 
MORE CONTEXT INFORMATION 
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IMAGENET 
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Future: MORE OBJECTS 
MORE CONTEXT INFORMATION 
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ChaLearn http://www.chalearn.org/   

 

 

 

 

 

 

 

 

 

 

 

 

ChaLearn Looking at people (multimedia datasets, http://gesture.chalearn.org/ ) 

ChaLearn Looking at People 

http://www.chalearn.org/
http://gesture.chalearn.org/
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ChaLearn Looking at People Challenges and Workshops 

 

CVPR 2011  Workshop and Challenge on Multi-modal Sign Language Recognition 

CVPR 2012  Workshop and Challenge on Multi-modal Sign Language Recognition 

ICPR 2012  Workshop and Challenge on Multi-modal Sign Language Recognition 

ICMI 2013  Workshop and Challenge on Multi-modal gesture recognition 

ECCV 2014  Workshop and Challenge on multi-modal gesture spotting, human pose 
  recovery, action/interaction spotting 

CVPR 2015  Workshop and Challenge on human pose recovery, action/interaction 
  spotting, cultural event recognition 

ICCV 2015  Workshop and Challenge on age estimation, action spotting and cultural 
  event recognition 

~ 2016   Workshop and Challenge on Multi-modal speed interviews analysis 

 

And so on! Let us know about your opinion! sergio@maia.ub.es  

 

 

ChaLearn Looking at People 

mailto:sergio@maia.ub.es
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ChaLearn Looking at People Challenges and Workshops 

CVPR 2011  Workshop and Challenge on Multi-modal Sign Language Recognition 

CVPR 2012  Workshop and Challenge on Multi-modal Sign Language Recognition 

ICPR 2012  Workshop and Challenge on Multi-modal Sign Language Recognition 

 

ChaLearn Looking at People 
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ChaLearn Looking at People Challenges and Workshops 

CVPR 2011  Workshop and Challenge on Multi-modal Sign Language Recognition 

CVPR 2012  Workshop and Challenge on Multi-modal Sign Language Recognition 

ICPR 2012  Workshop and Challenge on Multi-modal Sign Language Recognition 

 

1. Body language gestures (like scratching your 
head, crossing your arms). 
2. Gesticulations performed to accompany speech. 
3. Illustrators (like Italian gestures). 
4. Emblems (like Indian Mudras). 
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. Dance postures. 

Evaluation metric: levenstein edition distance 

ChaLearn Looking at People 
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ChaLearn Looking at People Challenges and Workshops 

ICMI 2013  Workshop and Challenge on Multi-modal gesture recognition 

The challenge features a quantitative evaluation of automatic gesture recognition from a 
multi-modal dataset recorded with Kinect (providing RGB images of face and body, depth 
images of face and body, skeleton information, joint orientation and audio sources), 
including 13,858 Italian gestures from near 30 users. 

 
The emphasis of this edition of the competition will be on multi-modal automatic learning 
of a vocabulary of 20 types of Italian anthropological/cultural gestures performed by 
different users, with the aim of performing user independent continuous gesture 
recognition combined with audio information. 

 
 

Multi -modal ChaLearn Gesture Recognition 
Challenge and Workshop 
 
              
 

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

ChaLearn Looking at People 
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ChaLearn Looking at People Challenges and Workshops 

ICMI 2013  Workshop and Challenge on Multi-modal gesture recognition 

Gesture categories (1/2) 

ChaLearn Looking at People 
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ChaLearn Looking at People Challenges and Workshops 

ICMI 2013  Workshop and Challenge on Multi-modal gesture recognition 

Gesture categories (2/2) 

ChaLearn Looking at People 
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ChaLearn Looking at People Challenges and Workshops 

ICMI 2013  Workshop and Challenge on Multi-modal gesture recognition 

Å Framerate 20FPS  
Å RGB: 640x480 
Å Depth: 640x480 
Å Audio: Kinect 20 michropone array 
Å Users: 27 
Å Italians: 81% 

Data structure information: S. Escalera, J. Gonzàlez, X. Baró, M. Reyes, O. Lopes, I. Guyon, V. Athistos, H.J. 
Escalante, "Multi-modal Gesture Recognition Challenge 2013: Dataset and Results", ICMI 2013. 

Å Total number of sequences: 956  [1,2] min. 
Å Total number of gestures: 13,858 
Å Total number of frames: 1.720.800 
Å Noisy gestures 

Data and modalities 

ChaLearn Looking at People 
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ChaLearn Looking at People Challenges and Workshops 

ICMI 2013  Workshop and Challenge on Multi-modal gesture recognition 

Evaluation metric: levenstein edition distance 

ChaLearn Looking at People 
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ChaLearn Looking at People Challenges and Workshops 
ICMI 2013  Workshop and Challenge on Multi-modal gesture recognition 

Levenstein score +Audio 

ChaLearn Looking at People 


