A Context-Aware Intelligent Recommendation System in Ubiquitous Environment
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‘What MRwindow, Audio
Functions On, Play, Pause, Stop, Off
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Clean

Transform Context
Integration
Integrate g <User profile=

(temple,0.1) (tower,0.3) {night,0.7)
(honeymoon.0.9) (music concert,C.5)

Load
1 (smith,0.5) (chanmi,0.5) (jeshua,—0.5)

| Context data | | Content data |

N Contents
Algorithms Generation

(Similarity measure)

=Result>

l U.P Photo_ID 0.878
Similariey (U, P)=————— Photo_ID 0,787
PETEEn T | enow

r Y :ID 0.334

Photo_ID 0,122
Visualization

<Photo metadataf~

<Location> (20,30) </Location>
<Person> smith </Person>

<j-E|:|I 3> I-” El DlElO‘i lnz‘_lZ %-:_7-(-_-' Alﬁ%! Eikilﬁ <Person> charjmi </Person>
<Event> music concert </Event>
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