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Some supplementary materials are provided to further validate the proposed
approach. The supplementary materials include ablation studies on parameter
k, more comparisons to existing ODIoU loss [9] and 3D IoU loss [10], inserting
RDIoU into state-of-the-art 3D detectors, and visualization results, respectively.

Effect of parameter k. As shown in Table [I} we try different settings of the
edge k to control the weight of rotation change. Here, we can see that k is an
important factor to boost the final performance, and k = 1.0 is the best.

E |l o6 | 08 | 1.0 | 1.2 | 14 | 16 | 18
3DRao || 85.89 | 85.96 | 86.20 | 85.92 | 85.85 | 85.70 | 85.59

Table 1. Ablation study on parameter k, which reflects the sensitivity of RDIoU value
to the rotation difference.

More comparison with 3D IoU [10] and ODIoU [9]. In Table[2] we provide
more comparison results for 3D IoU and ODIoU with our proposed RDIoU. It
can be seen that RDIoU outperforms both 3D IoU and ODIoU by large margins.

Inserting RDIoU into state-of-the-art methods. We reproduce SOTA
single-stage methods: CIA-SSD[8], SA-SSD[2], SE-SSD[9], and two-stage meth-
ods: PV-RCNNJ5], Voxel-RCNNJI], CT3D[4] in Table [3] Our RDIoU can sig-
nificantly improve their performance, especially for the single-stage detectors.

Visualization. We provide some qualitative detection results on KITTI test set

in Figure |1} it shows that RDIoU can produce high-quality 3D bounding boxes
in diversified scenarios.
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3DR11 3DR40
Method Easy Mod. Hard Mod.
PointPillar[3] 87.08 7774 76.24 79.88
PointPillar (+3D IoU) 86.91 77.93 76.83 80.12
PointPillar (+ODIoU) 87.15 78.29 77.08 80.58
PointPillar (+RDIoU) 88.89 78.89 78.02 82.42
SECONDI[7] 88.78 78.74 77.51 82.85
SECOND (43D IoU) 88.04 80.97 77.06 83.02
SECOND (+0ODIoU) 88.69 82.82 77.41 83.88
SECOND (+RDIoU) 89.24 86.10 78.60 85.80
CT-stacked 88.93 78.91 77.63 83.01
CT-stacked (+3D IoU) 88.23 81.09 77.16 83.29
CT-stacked (+ODIoU) 88.70 82.89 77.53 84.01
CT-stacked (+RDIoU) 89.76 86.62 79.04 86.20
Table 2. Comparisons to 3D IoU and ODIoU.
3DRr11 3D rao
Type Method Easy  Mod.  Hard | Mod.
° CIA-SSD[S] 89.48 78.54 77.35 81.93
% CIA-SSD (+RDIoU) 89.07 85.44 78.55 85.23
@ SA-SSD[2] 89.26 79.28 78.35 82.65
= SA-SSD (+RDIoU) 89.56  86.04  78.76 | 85.87
-UEJ SE-SSD[9] 89.07 79.22 78.37 82.48
SE-SSD (+RDIoU) 89.24 85.98 78.60 85.24
PV-RCNN|[35] 89.31 84.49 78.78 84.93
& PV-RCNN (+RDIoU) 89.47  86.21  79.01 | 85.96
3 Voxel-RCNN[I] 89.44 84.45 78.90 85.24
2 Voxel-RCNN (+RDIoU) 89.67 86.12 78.91 85.92
& CT3D[4] 89.54 86.06 78.99 85.82
CT3D (+RDIoU) 89.31 86.27 78.90 85.94

Table 3. Inserting our RDIoU into SOTA methods based on OpenPCDet[6].
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Fig. 1. Snapshots of qualitative results on KITTI test set. The output 3D bounding
boxes are shown in green.
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