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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 



Human Pose Recovery and Behavior Analysis Group 

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 

 



Human Pose Recovery and Behavior Analysis Group 

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 

11 

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 

13 

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 
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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 
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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 


