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CADC+ Dataset
Motivation ‘

* Underexplored impact of snow on 3D object detections

» Lack of existing paired weather datasets l |

» Synthetic datasets(e.q., created using de-snowing)
often lack realism and introduce confounding factors
that hinder accurate evaluation

Contributions

 First multi-modal paired domain adaptation dataset in
clear and snowy weather

* 74 sequence pairs recorded in the same season, on
similar roads, using the same vehicle platform

* 3D bounding box annotations for 3D object detection

Sequence Matching
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e Experiments: How Hard is Show? L
Setup Impact of Show on 3D Object Detection
(CADC-clear or « Snowy objects are more difficult to detect —— Base evalon snowy
de-snowed) (CADC) g . se . A —— Base eval on clear
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Effectiveness of Synthetic Clear Weather Data Generation via De-snowing
1. Downsample CADC labels to

match CADC-clear Training data GAsEImodc iy * Low quality de-snowing is more
. . Eval on snowy [Eval on clear | Eval on snowy Eval on clear ]
2. Create data mixtures of varying detrimental than helpful

clear 442 A% | 5299 A% | 46.84 A% | 53.59 A%
amount of snowy data de-snowedpror | 4293 <149 | 4626 673 | 4744 060 | 4974 385 « De-snowing is not a realistic way of
- snowy 4634 192 | 4863 436 | 4880 196 | 5179 -180 generating clear weather data

using sparse and pseudo labels' N | | , |
A% indicates the difference w.r.t. the clear model. Evaluation results show Waymo OD's L2 AP+5(%) metric.



