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Evaluating the accuracy of object detection models in scenes where pedestrians are present at intersections

Yotaro Suzuki  Hidenori Itaya

Tsubasa Hirakawa

Takayoshi Yamashita  Hironobu Fujiyoshi

Evaluation of object detection models for automated vehicles requires a large amount of evaluation data. However, collecting evaluation data in

a real environment is extremely costly. Therefore, it is expected that a variety of evaluation data can be created by using a computer graphics

environment. In this study, an evaluation scene is created using a DIVP simulator to evaluate the detection accuracy of object detection models.
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Fig.1 Contents of scenario creation
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Table.1 Environment conditions of evaluation scenario

Conditions Contents
Weather Sunny, Cloudy, Rainy
Time 14:00, 16:00
adult male, elderly, child,
Pedestrian adult male (umbrella),

adult female (stroller)

Clothing color of
pedestrians (adult male)
Stopped vehicles

black, blue, gray

Prius, Hiace

Sunny, 1600

Sunny, W9
- Cloudy, 16:00

--

Fig.2 Example of a scene created in a CG environment.
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Fig.3 Training data collected in Tokyo coastal area.
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Fig4 Comparison of Detection Accuracy by Object Detection
Model by Distance
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Fig.5 Comparison of Detection Accuracy by Object Detection
Model by Occulusion Rate
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Fig.6  Accuracy comparison of object detection models
(between distance 15 — 23 m)
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Fig.8 Example of detection results for child
between distances 15 -23 m in YOLOvV5
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Fig.9 Example of detection results for cloudy, 14:00 between
occlusion 65 -75 % in YOLOv5

— adult female (stroller)
child
adult male (unbllera)
— adult male
elderly

Accuracy [%]
8 3 g

8

3

occulusion (%]

Fig.10 Example of detection results for adult female (stroller)
between occlusion 65 -75 % in YOLOvV5
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