High Resolution UDF Meshing via Iterative Networks ‘<L
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1. Meshing Unsigned Distance Fields 4. Results
UNDC DMUDF CAP-UDF MeshUDF DCUDF1 NSD-UDF+MC Ours+MC
a) MC-based methods

3 D h . . MGN? ShapeNet cars ShapeNet chairs ShapeNet planes
S apeS D|Stance f|e|d 3D ShapeS / Res. Method | CDJ FIf ICt|CDJ| Fit ICt| CD|{ Fit+ ICt|CDJ F1f IC*
CAP-UDF 162 694 794 | 539 533 832 | 378 509 703 | 140 695 80.6
MeshUDF 245 829 941 | 113 577 886 | 743 676 880 | 682 746 81.0
128 DCUDF 13500 2.50 2.76 | 6580 7.74 14.7 | 17000 15.9 13.9 | 1880 27.6 245
DCUDE-T 90.8 286 873 | 503 580 873 | 214 641 829 | 144 688 772
> > DCUDE-T-nocut | - ] - | 114 617 894 | - - ] ] i -
. . NSD-UDF+MC | 1.34 839 947 | 679 596 885 | 611 67.8 881 | 382 790 84.8
| earnin g mes h IN g Ours + MC 204 819 941 | 564 592 889 | 3.68 667 884 | 3.00 785 84.8
CAP-UDF 1.66 868 918 | 340 612 87.6| 114 705 820 550 837 854
MeshUDF 0958 89.7 950 | 13.6 623 886 | 27.8 729 873 | 347 858 852
)56 DCUDF 14400 476 3.71 | 346 526 782 | 3530 499 543 | 27.9 847 820
DCUDE-T 463 868 954 | 347 526 782 | 3560 500 543 | 473 804 787
DCUDE-T-nocut | - ; - | 520 589 83| - - - - . -
NSD-UDE+MC | 0.808 90.0 952 | 102 620 879 | 109 723 862 | 291 873 86.0
Ours + MC | 0.878 889 949 | 523 650 892 | 514 729 888 | 1.84 887 87.0
. . . . . . CAP-UDF 0.872 90.6 946 | 31.8 617 87.5| 639 71.7 820 594 875 862
S[gned Distance Fields Un Slgn ed Distance Fields MeshUDF | 0798 90.6 948 | 827 57.0 817 | 378 615 657 | 12.6 881 84.6
512 DCUDF 437 883 91.1 | 223 565 842 | 2950 550 70.1| 487 855 822
DCUDE-T 438 882 911 | 223 565 842 | 2000 550 70.1| 63.0 854 813
- Easy tolearn - Harder to learn DCUDF-Tmocut | © = |43l 04 sse| - - o L
NSD-UDF+MC | 0784 90.8 94.8 | 569 588 838 | 295 647 757 | 100 894 85.1
E 3 Sy t O mes h H ar d er t O mes h Ours + MC | 0722 90.6 948 | 884 656 889 | 876 745 872 | 237 909 87.1

- Can model watertight shapes - Can model all shapes b) DC-based methods

Meshing Unsigned Distance Fields (our focus)

NSD-UDF + DualMesh-UDF | 0.760 904 950 | 634 657 89.1 | 550 72.8 89.2 | 2.08 87.1 86.6
Ours + DualMesh-UDF 0.787 905 949 | 480 66.2 89.7 | 339 728 898 | 1.56 87.7 88.2

— : N {;;‘, - MGN? ShapeNet cars ShapeNet chairs ShapeNet planes
%\ -3\*\ —— \' Res. Method | CD] F1t ICt|CD| F1t+ ICt|CD| F1t ICt|CD] F1t IC*t
- \ ) N UNDC 1.09 87.1 941 | 135 61.7 864 | 299 694 819 | 250 820 86.1
r-‘v % w R . DualMesh-UDF 216 68.1 684 | 952 344 455 | 7930 121 9.08 | 112 743 76.1
= d
[ | ’ 128 DualMesh-UDF-T 0.806 899 954 | 556 635 895 | 534 751 89.1| 196 843 875

P ' UNDC 0931 89.1 915 | 824 523 714 | 293 542 578 | 11.6 83.6 80.7
g b DualMesh-UDF 176 663 664 | 846 340 451 | 8280 124 926 | 105 779 76.0
g 7 256 DualMesh-UDF-T 0722 91.2 951 | 106 643 870 | 228 722 84.1 | 243 832 870

NSD-UDF + DualMesh-UDF | 0.671 91.0 946 | 105 649 872 | 146 70.7 844 | 278 839 856
Ours + DualMesh-UDF 0.662 91.2 947 | 548 657 888 | 497 719 864 | 187 90.0 875

A

UNDC 239 848 828 - - - - - - - - -

DualMesh-UDF 167 6377 639 | 870 325 430 | 8190 11.8 9.07 | 111 77.6 742

512 DualMesh-UDF-T 0827 90.2 932 | 378 582 793 | 727 6377 725 | 477 89.0 840
NSD-UDF + DualMesh-UDF | 0.787 89.7 925 | 60.5 575 799 | 296 625 680 | 995 876 833

Ours + DualMesh-UDF 0.726 89.7 928 | 965 63.0 856 101 704 819 251 90.1 85.8

GT UDF

Perfect distance field c) Filtering strategies and speed

— accurate reconstruction Res. Filtering CDJ IC1 | Inference time |

Without filtering 526 89.2 Tm
256 Low confidence 524 89.2 1.5m
UDF < 0.1 and low confidence | 5.24 89.2 30s

Without filtering 891 88.9 1h
512 Low confidence 8.87 &88.9 Tm
3 _ P ro po se d M et h Od UDF < 0.1 and low confidence | 8.88 88.9 2.5m

Problem neural dl Stance o - - Time ‘CAP MeshUDF DCUDI:_“ NSD UNDC DMUDF Ours
) Initial state 1st iter 2nd iter Output Query| 90s  30s /. 30s  22s  19s  30s
fields are far from perfect

- Input N Total [3.5m  35s 25m  35s 30s  20s  1m
- Inaccurate reconstruction none none none

Q| # UDF + grad
and missing surfaces ®oo® g
none none none # < none none none >_

& & 0| e
none none none , R f
current state | Iterative Network efterences
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s TRun without the cutting step on cars, as recommended, producing a more complete but double-layered surface
none > — Tt 2Resolution is halved for MGN garments due to their simpler shapes

2. Increasing resolution worsens the problem
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