Not all scene categories are created equal: the role of object and spatial layout In scene gist
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Introduction

Research has shown that reqularities of spatial layout can mediate fast scene
recognition, but most studies have explored large scale outdoors scenes where
the possible viewpoints, objects, surfaces and layout for a given category are
relatively constraint.

\We started a research program investigating the representation and mechanisms
of gist representation of indoor scenes. Indoors are a challenging problem for
models of scene understanding, because of the high variability of objects and
their location In the scene.

Our framework involves measuring object and layout diagnosticity In scenes
categories and comparing categorization performances produced by these models
to human performances.
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Typical images (400) from 8 scene categories were presented for various durations
(20, 40, 60 and 80 msec) and masked. Observers (N=55) performed a Y/N task (e.g.
IS It a Kitchen?), following a pairwise-comparison matrix design across all categories.
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Model 1: Estimation of Object Diagnosticity

pﬁ

All surfaces and objects of each image (600+) were annotated using

The matrix denotes the error rates and the HIT (% correct
on the diagonal) for all pairings of categories .

03
07

01 E 02 03 03

Performances of classification are at ceiling, showing
that the collection of objects predicts the semantic category.
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Distribution of the most typical and diagnostic objects per category:
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Bedrooms, conference rooms and living rooms have each one dominant object, which
IS both diagnostic and highly typical
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Kitchen

Kitchens, bathrooms and offices have several diagnostic objects, but they are not
necessarily present in a given scene. Finally, corridors are mainly characterized by
the absence of objects.

Model 2: Estimation of Spatial Layout

The spatial layout of each scene Image Is estimated as a combination of global image
features encoding the spatial pattern of orientations and scales.

Spatial Layout Model

The matrix illustrates the error rates for all
pairings of categories and the HIT (diagonal)
based on the global features vector.

For each pair, we ran 50 iterations of a
discriminant analysis (80 scenes for learning
and 20 for testing) and averaged performances.

Illustration of a global feature tuned to a spatial pattern of
orientation and scales across the whole image. This global
feature responds best to images with vertical structures at
the top part and horizontal structure at the bottom part.
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Errors between observers
and Spatial Layout model
correlate at 0.45 (p<.02)

Human Observers (20 msec)

Exemples of principal components computed as the
output magnitude of multiscale oriented filters (at 4 c/i).
Each PC defines the weights to use to define each global
feature.
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Coefficients of global features for the bedroom

The matrix illustrates the error rates for all
pairings of categories and the HIT (diagonal)
based on the classification by human (20 msec
condition).
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On average, HIT rate and error rates are similar between human observers
(for the 20 msec condition) and the spatial layout model (HIT =78 % and 80%,
Error=0.4 and 0.23).

Altogether, the results suggest that indoor scene categories have strong statistical
regularities in terms of spatial layout (measured as the pattern of features distribution)
and object diagnosticity. Categories with objects that are both typical and diagnostic of
the place and/or who form a regular layout across examplars (corridor, conference
room, bedroom) are discriminable earlier and with less errors than categories whose
diagnostic objects do not correspond to typical objects (bathroom, office).




