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Dataset Protocols Classifiers Results 

Mobio Dataset 
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• 192  videos Samples  per  subject 
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• 500‐600  days Days  covered 

• Offic  e  environment  (unconstrained) Setting 
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Questions? 

Email to n.poh@surrey.ac.uk 

Thanks to the MOBIO project and partners 
Chan Chi Ho, Medha Pandit, Josef Kittler 
IBPC conference and special session 
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