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Idea : Infer in 3D space to generate 2D panoptic labels via volume rendering

Method Road Park Sdwlk Terr Bldg Vegt Car Trler Crvn Gate Wall Fence Box Sky | mloU | Acc | MC
. - NeRF FC CRF + Manual GT | 90.3 49.9 67.7 625 883 792 856 489 78.1 234 353 465 420 927 | 63.6 | 89.1 | 8541
a 3D Bounding 3D Bounding S-NeRF + Manual GT | 87.0 358 647 582 834 763 703 935 765 414 440 526 290 920 | 646 | 86.8 | 88.98
c Primitive Me Primitive S-NeRF + PSPNet* | 946 529 777 650 880 808 879 583 860 360 441 568 422 909 | 68.6 | 90.5 | 93.42
= 70! 4 4 PSPNet* 955 497 1715 66.7 889 824 0916 465 83.1 242 433 513 511 893 | 672 | 90.7 | 91.79
Inaccurate Geometry Accurate Geometry 3D Primitives + GC | 81.7 31.0 456 225 59.6 567 630 617 373 616 288 506 395 503 | 493 | 73.4 | 86.56
: . : — 3D Mesh + GC 917 53.1 672 314 813 721 852 935 860 652 407 597 544 656 | 67.7 | 86.0 | 94.99
Coarse 3D Bounding Primitives Noisy 2D Predictions 3D Point + GC 93.5 590 761 372 820 741 875 947 857 667 594 659 586 680 | 720 | 87.9 | 96.51
; Panoptic NeRF 3D-2D CRF 952 642 838 679 903 842 922 934 908 682 645 700 558 92.8 | 79.5 | 92.8 | 94.98
Panoptic NeRF _ D4 A L A . ) A ) ) Ours 95.6 684 841 695 91.0 844 93.0 948 937 716 63.1 744 597 91.7 | 81 | 93.2 | 95.02
* By applying £ to S rendered via fixed ol §; S & q* Ol 8i 8y & _
semantic field, underlying geometry can be -— ™= w2 iy Panoptic Label Transfer
a Im proved Fixed 3D Semantic tZD Semantic 2D Pseudo GT l;ixed 3D Semantic ! 2D Semantic
'§ e In contrast, £& applied to S rendered via o s, s S g Ots,. s S
learned semantic field may "cheat" by updating - _
the semantics - ! i dnV
Learned 3D Semantic 2D Semantic 2D Pseudo GT Learned 3D Semantic 2D Semantic
Original Density Updated Density ---- GT Density
Multi-view and Spatio-temporally Consistent Semantic and Panoptic Segmentations ,{ f
] ] 3D-2D CRF Ours
Contributions
3D Weak Method PQ SQ RQ PQf Method PQ SQ RQ PQv
 End-to-end 3D-to-2D label transfer in terms of volume rendering /. /Tsupervision All 1622 791 769 649 All [ 644 793 796 669
¢ 3D-2D CRF | Things | 60.7 79.5 75.2 60.7 | Ours | Things | 61.9 80.7 75.2 61.9
« State-of-the-art performance compared to existing label transfer methods Swiff | 630 789 779 673 Swff | 658 78.6 820 69.8
* Enable rendering semantic/instance labels at novel viewpoints ks : :
J ¥ 3D Bounding Novel Label Synthesis Geometry Reconstruction
Primitives z 4 2D Noisy ~ T - ]
Challenges 70 SHRETviSion B - / .
« Poor Geometry - With sparse inputs views in driving scenario, vanilla NeRF suffers Ambiguous Label Accurate Label ; 2
. . o . . PanoptiC NeRF RGB 0O
from poor geometry reconstruction that leads to wrong panoptic maps Based on improved geometry, learned semantic
. Label Ambiguity - At overlapping regions of the 3D bounding primitives, label field further resolves label ambiguity at overlapping e 2D pseudo-label usually performs well on
o _ _ ’ regions of 3D bounding primitives via 2D and 3D frequently occurring classes, 3D supervision
ambiguity yields inaccurate 2D labels weak supervisions further suppresses noise of 2D predictions
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