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[Abstract] The development of visual perception technology based on deep learning is beneficial for the ad-
vancement of environment perception technology in automatic driving systems. However, for corner cases of autono-
mous driving scenario, there are still some problems in the current perception model. This is because the ability of
the perception model based on deep learning depends on the distribution of the training dataset. Especially when cat-
egories in the driving scene never appear in the training set, the perception system is often fragile. Therefore, identi-
fying unknown categories and extreme scenarios remains a challenge for the safety of automatic driving perception
technology. From the perspective of processing data sets, in this paper a novel multimodal automatic corner case
mining process called "Corner Case Mining Pipeline (CCMP)" is proposed. In order to verify the effectiveness of
"CCMP", the concern case subset "Waymo-Anomaly" on the basis of Waymo open datasets is established , with a to-
tal of 3 200 images, each of which will contain the corner case scene defined in the text. Then based on the private
data set Waymo-Anomaly, it is proved that the recall rate of "CCMP" corner case mining can reach 91.7%. In addi-

tion, the effectiveness of object detectors targeting long-tailed distributions in datasets containing corner case is ex-
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perimentally verified. Ultimately, the authenticity of the automatic driving perception model in the real world is ex-

pected to improve from the perspective of datasets processing.

Keywords: autonomous vehicles ; deep learning; object detection ; corner case
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