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Scene-wise Reliability Estimation of Pedestrian Detection using LiDAR

Haruya Kyutoku1> Yasutomo Kawanishi') Daisuke Deguchi1> Ichiro Ide") Kazuki Kato? Hiroshi Murase®)

Pedestrian detection results from a LiDAR data cannot be fully trusted in real environments. Therefore,
it is necessary to consider whether the detector can be trusted in the environment of the input data. So we
have been proposing an estimation system of pedestrian detectors’ reliability adaptive to vehicle surrounding
environments. This paper presents the construction method of reliability estimators. The proposed method
defines and uses two types of reliability for oversights and false detections. Moreover, the proposed method
constructs estimators for each reliability with global features and pedestrian-like, artifacts-like features. The
experimental results showed that the proposed method could estimate the reliabilities.
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(a) Blown out highlights. (b) Clipped shadows.
Fig.1 Difficult scenes for detection with a camera.
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(a) Full view. (b) Low reliability for oversights. (c) Low reliability for misdetections.

Fig.2 Examples of difficult scenes for detection with a LiDAR.
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Table 1 3 (10)
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Fig.6 Experimental vehicle. Change of curvature
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(a) For oversights.

(b) For false detections.

Fig.7 Estimated reliabilities.

(a) Low reliability scene for oversights. (b) High reliability scene for oversights.

(¢) Low reliability scene for misdetections (d) High reliability scene for misdetections

Fig.8 Examples of scenes with low and high reliabilities.
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