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Objectives

Detect pedestrians from a moving platform

• Exploit motion information

• Leverage complementarity of features

• Evaluate different classifiers

• New datasets with image pairs

Features

• HOG [1]
8× 8 pixel cells, 2× 2 blocks
9-bin histograms, unsigned gradients

• Haar wavelets [2]
32 and 16 pixel masks
horizontal, vertical and diagonal re-

sponses

• IMHwd [3]
Regularized flow field [4]
9-bin histograms, 8× 8 pixel cells

Classifiers

• Linear SVM

• Histogram intersection kernel SVM (HIKSVM) [5]

• AdaBoost

• MPLBoost [6, 7]

Input: {x1, . . . , xn}, {y1, . . . , yn}, yi ∈ {−1, 1}, K
Output: K strong boosting classifiers
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9: end for
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Implementation details

• Flow computation: Regularized flow fields [4]
outperform unregularized flow fields when computed
on full images

• Small scales: Upscaling the tested image performs
better than shrinking the detection window

• Non-maximum suppression: Maximum score in mode
performs better than kernel density
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Flow field computation Small scale detection Non-maximum suppression

TUD-MotionPairs and TUD-Brussels Datasets

TUD-MotionPairs for training with motion features:

• 1092 image pairs with 1776 pedestrian annotations

• 192 image pairs in negative set

• Multi-view data recorded in pedestrian zones

TUD-Brussels for testing with motion features:

• Recorded in the center of Brussels from a driving car

• 508 image pairs with 640× 480 pixel resolution

• 1326 pedestrian annotations

Datasets publicly available at
http://www.mis.informatik.tu-darmstadt.de.

MPLBoost Clusters (K=4)

Experiments on TUD-Brussels
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Conclusion

• Motion features improve onboard performance

• HIKSVM often performs best

• MPLBoost consistently outperforms AdaBoost and
sometimes HIKSVM

• Haar features can allow for performance improvement

Experiments on ETH-Pedestrians
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Static image features (ETH-01) Including motion features (ETH-01)
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Static image features (ETH-02) Including motion features (ETH-02)
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Static image features (ETH-03) Including motion features (ETH-03)
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