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1 INTRODUCTION
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2 BEV SEMANTIC SEGMENTATION
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3 UNCERTAINTY QUANTIFICATION ON BEV
SEMANTIC SEGMENTATION
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Evaluating Uncertainty Quantification for Bird’s Eye View Semantic Segmentation

Figure 1: Misclassification detection result on CARLA for all Cross View Transformer-
based models without segmentation: the left one shows the ROC curve, the middle one
shows the PR curve and the right one shows the PAVPU plot based on different uncertainty
thresholds. Numbers next to legend are area under curve values. Evidential and Postnet
have the highest AUC values for most metrics
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Table 1: Quantitative Results on CARLA dataset
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Figure 2: Visualization of aleatoric uncertainty baselines on samples from the CARLA validation set. The first column is the ground truth birds eye view semantic segmentation. Each pair of
columns after that represent one baseline. The left column represents the birds eye view uncertainty map. The right column represents the misclassified pixels of the prediction from the
baseline, with the lighter color meaning misclassified. The first pair of columns represent baseline, the second represent evidential, third - postnet, fourth - dropout, and fifth - ensemble.
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Figure 3: Misclassification detection result on the nuScenes dataset for all Cross View
Transformer-based models without segmentation supervision: the left one shows the ROC
curve, the middle one shows the PR curve and the right one shows the PAvPU plots based
on different uncertainty thresholds. Numbers next to legend are area under curve values.
Evidential and Postnet still have the highest AUC values for most metrics
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