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/Overview:

» Two steps scene recognition

* Images are represented with local Intermediate
representations, which are defined over a vocabulary of
mid-level concepts or themes.

 Global scene categories are modeled from these local
intermediate representations.

» Semantic multinomial (SMN) representation .
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Multiple feature patch SMN maps:

Patch SMNs: (a) iImage of the 15 scenes
dataset (category: MiITtallbuilding), and
(b) probability maps illustrating each
component of the patch SMNs. Each o _
row corresponds to SMNs obtained for a Mz fiaiy
different visual descriptor. e '

* ldea: instead of using a diiferent mid-level vocabulary = - d I N
for patches, we use directly the same scene Proposed Framewor Joint Context Model:
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categories. | | | | > Joint C Model:
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scalable) O (0 S E is the energy function. s;, Is the SMN learned from visual feature v.
> Scene category co-occurrences Color =5 0 el \ patches = g(X,y) Is the geodesic distance [2]. |B,,| is the neighbors of patch n.
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> Multi-feature context We extend the neighborhood |B,,| to the |B,||V]| (the neighbors of all
- Motivation: SMNs of same patches learned from different | dilferent features)
building visual features should be similar (inter-feature co-occurrences). 066
« Context model: multi-feature SMN combination. @
» Spatial context ? 9
» Observation 1: co-occurrence patterns are consistent ) gﬂc(%tb\;?é'r?gésgle'ghbor'ng patches often represent similar concepts (local co- H:L__ Ab/J ®
across the images in the same category;, ' . — . . . .
_ _ .+ Context model: Markov Random Field on patch SMNSs; Yy, \ Multi-feature Spatial Joint multi-feature and spatial /
» Goal: model consistent co-occurrences p 4
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