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We build upon: HOG & Color + Adaboost [2, 3]
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Some ideas that have not yet 
paid off for us:
  - Stronger weak learners
  - Better boosting method
  - Larger training set

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 ?

Motivation

How far can we go 
evaluating only one rigid template

per candidate detection ?

Three insights to improve detection quality
Global normalization

is better than
local normalization

Most effective choice
in our architecture
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HOG (65.03 %)
LocalNormalization (55.64%)
NoNormalization (55.55%)
GreyWorld (49.57%)
GlobalNormalization (47.44%)

ETH

Irregular cells
are better than
a regular grid

Better representation 
of the class shape
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SquaresChnFtrs 8x8 (21.00%)
RandomSymmetric 30k (20.90 ±2.5%)
Random 30k (20.29 ±2.4%)
RandomSymmetric++ (19.31%)
Random++ (19.07%)
SquaresChnFtrs All (18.21%)
AllFeatures (17.87%)

Multi-scales models
are better than

single scale models

We exploit better 
the available pixels

10−2 10−1 100

0.05

0.1

0.2

0.3

0.4

0.5

0.6
0.7
0.8
0.9

1

false positives per image

m
is

s
ra

te

Strong baseline (18.21%)
+Better feature pool (17.87%)
+Multi−scales (15.55%)

INRIA

HOG (45.18 %)

INRIA
Scale 1

2005 [1]
HOG is dead, long live HOG!

2013

We obtain top results
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te 81.08% Shapelet
79.81% PoseInv
72.05% VJ
57.70% FtrMine
45.18% HOG
43.53% LatSvm−V1
41.16% HikSvm
38.69% Pls
37.25% HogLbp
35.40% MultiFtr
30.91% FeatSynth
23.93% MultiFtr+CSS
23.49% MLS
20.53% FPDW
20.44% ChnFtrs
19.55% LatSvm−V2
18.92% EBLearn
18.26% CrossTalk
18.21% Ours-SquaresChnFtrs
15.40% VeryFast
13.06% Ours-Roerei

INRIA
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92.90% PoseInv
91.64% Shapelet
90.41% VJ
77.28% LatSvm−V1
72.96% HikSvm
65.03% HOG

false positives per image
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te 61.46% MultiFtr+CSS
60.67% FPDW
60.56% MultiFtr+Motion
60.27% MultiFtr
58.22% ChnFtrs
55.68% HogLbp
55.65% Pls
55.55% Ours−SquaresChnFtrs
55.39% VeryFast
52.49% CrossTalk
51.39% LatSvm−V2
50.82% EBLearn
49.90% MLS
43.90% Ours−Roerei

ETH
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94.46% VJ
91.34% Shapelet
86.67% PoseInv
79.02% LatSvm−V1
76.02% EBLearn
73.21% FtrMine
72.58% HikSvm
67.12% HOG
66.54% MultiFtr
66.16% HogLbp
61.54% LatSvm−V2
60.91% Pls
59.32% MLS
58.78% MultiFtr+CSS
58.49% FeatSynth
55.33% FPDW
54.67% ChnFtrs
51.29% CrossTalk
48.63% MultiFtr+Motion
47.51% MultiResC
46.13% Ours−Roerei

Caltech

Common methods
to improve pedestrian detection:

- Non linear SVM
- Sophisticated features
- Geometric priors
- Motion information
- Deformable models
- Deeper architectures

We use
none of them


