l l I I I max planck institut
informatik

Introduction

CityPersons

* [Instance masks
e VVideo frames
e Stereo, GPS, et al.

sadeasAlD

* Aligned bounding boxes
* Occlusion level estimates
* Fine-grained categories

Statistics
Train Val. Test Sum -
# cities 18 3 6 27
# 1mages 2975 500 1575 5000
# persons 19654 3938 11424
#1gnore regions | 6768 1631 4773

Baseline Detector

Shanshan Zhang'4, Rodrigo Benenson?, Bernt Schiele?

* More diverse

Comparison to Previous Datasets

% Pedestrian

Detector aspect MR® | AMR
. — + quantized rpn scales 18.11 | +2.87
vanilla FasterRCNN are 1 b A
N + 1nput up-scaling 14.37 | +3.74
necessary to obtain + Adam solver 1270 | +1.67
competitive results for + ignore region handling 11.37 | +1.33
pedestrian detection. — + finer feature stride 10.27 + 1.10
FFasterRCNN-ours 10.27 | +10.71
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Caltech | KITTI
# country ’
# Ccity
# season | 1
# person/image 1.4 0.8
# unique person | 1273 6 336

* More occlusions

70%

60%

50%

40%

30%

20%

10%

0%

* More challenging
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CityPersons: A Diverse Dataset for Pedestrian Detection
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Heavy occlusion
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Faster RCNN
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fram 1 cotech | KITTI | CityPersons

Test

Caltech 10.27 46.86 21.18
KITTI 10.50 8.37 8.67

CityPersons 46.91 51.21 12.81
INRIA 11.47 27.53 10.44
ETH 57.85 49.00 35.64
Tud-Brussels | 42.89 45.28 36.98
mean MR 29.98 38.04 20.95

* Better pre-training improves

* Detection accuracy

(esp. small scale, heavy occlusion)

* Alignment quality

Scale

Cal- CityPersons

= Availlable Online!

https://bitbucket.org/shanshanzhang/
citypersons/
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Diverse training data
from CityPersons /

N wwkl Good detectionsover
multiple benchmarks
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* Semantic segmentation helps
to detect small persons
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Proportion of training data

O/N Setup range Lol tech —Caltech AMR
MR®  Reasonable [50, o] 0.5 | 10.3 + 1.1
MRY  Smaller  [30,80] 0.5 |52.0 +3.5
MR® Heavy occl. [50, oo] 0.5 | 68.3 + 8.6
MR" Reasonable [50, oo] 0.5 | 5.8 +0.7
MR” Reasonable [50, oc] 0.75 | 30.6 +4.8
Scale CityPersons
Setup range IoU | KITTI CKITTI AMR
Reasonable [50, o] 0.5 | 8.4 + 2.5
Reasonable |50, oo] 0.75| 43.3 +4.1
Smaller 30,80 0.5 | 37.8 + 10.7

Scale range | Baseline | + Semantic | AMR
50, oo 15.4 14.8 + 0.6
100, oo 7.9 8.0 + 0.1
75, 100) 7.2 6.7 +0.5
50, 75 25.6 22.6 + 3.0

(a) Original image (b) Semantic map

to explore!




