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Spatial Invariance

Introduction

The amount of spatial invariance is dependent on the scene
category. Generally, invariance is much stronger in the horizontal
direction than vertical.

We present a method for categorizing scenes using properties from
local, intermediate, and global scales with a learned spatially
invariant model. By applying a spatial pyramid to regions of varying
sizes and in different spatial locations, we are able to better
characterize the appearance of images. Adding spatial invariance
that is modeled for each scene category, these mid-sized region
descriptors complement well the local and global methods already
in common use for scene classification.

Four models:
- No invariance:
No spatial invariance is used.

- Full X iInvariance:

Horizontal invariance is assumed and the classifiers are trained accordingly.
Problem:

- Bag of words model is too loose.
- Spatial pyramid [1] is too rigid.

- Full x, partial y invariance:
Horizontal invariance is assumed and vertical invariance is learned.

- Partial x and y invariance:
Horizontal and vertical invariance are both learned.

Approach:
- Classify intermediate-sized regions in addition to the whole image.
- Allow horizontal invariance.
- Learn how much vertical invariance to apply to each category.
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Extract dense SIFT features and cluster into a bag of words. 3 38.9% 41.8% 42.7°% 40.3%
Represent multiple scales of regions by a spatial pyramid [1].
Classify regions into coast, forest, highway, etc.
Classify whole image. Coast Forest Highway  Mountain Office Street Suburb
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