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Motivation

Current state of the art solutions for object detection use components
and parts on top of the now classic HOG+linear SVM combo [1].
Is this the best base method ?

Three insights to improve detection quality We obtain top results

Global normalization
IS better than
local normalization

Multi-scales models
are better than
single scale models

Irregular cells
are better than
a regular gria

How far can we go
evaluating only one rigid template
per candidate detection 7

Common methods
to Improve pedestrian detection:
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- Non linear SVM

- Sophisticated features

- Geometric priors

We use

Better representation
of the class shape

e
We exploit better
the avallable pixels

Most effective choice
IN our architecture
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- Motion information
- Deformable models
- Deeper architectures
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