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* \We propose SHS-Net to estimate oriented normals directly from point clouds.

* In contrast, previous works usually implement this process through a two-stage paradigm using
different algorithms, i.e., (1) unoriented normal estimation (e.g., PCA, AdaFit and HSurf-Net) and
(2) normal orientation (e.g., MST, QPBO and ODP).



1. Method



Learning Signed Hyper Surface
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Feature Encoding Module

. © Concat @ Addition

F is formulated as:

zi=A (B (MAX{C(wj -zj)}Nl ) ,Zi)

j=1

A, B and C are MLPs, w is a distance-based weight.
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Attention-weighted Normal Prediction Module
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" () Matrix transpose

04 =T " 24, T=sigmoid(Z(z,))

O,V, 9 and 7 are MLPs.

O(V(04) ® MAX{softmaxys, (Qj(Oq)?’zl) 1)



Loss Functions

e Sinloss: Lsin = ||ng X 1|

* MSEI0SS: Lonse= = Sir, 7if; — 2

Sign l0ss:  Lsgn = H(U(QS(Q))a fs(q) > 0])

Weight loss: £, = LS (1, — #)%, % = exp (— (piéEQ)Q)

Final 10ss: £ = M\ Lsin + XoLsgn + A3Lmse + ML

)\1 :01, )\220.1, )\3205 and )\4:10



2. Experiments



FamousShape Dataset

We follow the same preprocessing steps as the PCPNet dataset to conduct data augmentation, e.g., adding
Gaussian noise with different levels (0.12%, 0.6% and 1.2%) and uneven sampling (stripe and gradient).
This dataset is publicly available online.



RMSE of oriented normal
on datasets PCPNet and

FamousShape.

No Noise

Oriented Normal Evaluation

| PCPNet Dataset | FamousShape Dataset
Category Noise Density A Noise Density A
None 0.12% 0.6% 1.2% | Stripe Gradient | ' “€° || None 0.12% 0.6% 1.2% | Stripe Gradient | ' “&°

PCA [19]+MST [19] 19.05 30.20 31.76 39.64 | 27.11 23.38 28.52 || 35.88 41.67 38.09 60.16 | 31.69 3540 40.48
PCA [19]+QPBO [45] 18.55 21.61 30.94 39.54| 23.00 2546 26.52 32.25 3939 41.80 6191 36.69 35.82 41.31
PCA [19]+0ODP [38] 28.96 2586 34.91 51.52|28.70 23.00 32.16 3047 31.29 41.65 84.00| 3941 30.72 42.92
AdaFit [59]+MST [19] 27.67 43.69 48.83 54.39 | 36.18 40.46 41.87 43.12 39.33 62.28 60.27 | 45.57 42.00 48.76
AdaFit [59]+QPBO [45] 26.41 24.17 40.31 48.76|27.74 31.56 33.16 27.55 37.60 69.56 62.77|27.86 29.19 42.42
AdaFit [59]+ODP [38] 26.37 2486 3544 51.88|26.45 20.57 30.93 41.75 39.19 4431 7291|4500 42.37 47.60
HSurf-Net [22]+MST [19] |29.82 44.49 5047 5547|4054 43.15 43.99 54.02 42.67 6837 6591|5252 5396 56.24
HSurf-Net [22]+QPBO [45] | 30.34 32.34 44.08 51.71|33.46 4049 38.74 [|41.62 41.06 6741 62.04 4559 4383 50.26
HSurf-Net [22]+0ODP [38] |26.91 2485 35.87 51.75] 2691 20.16 31.07 43777 43774 4691 7270 45.09 4398 49.37
PCPNet [17] 3334 3422 4054 4446|3795 3544 37.66 || 40.51 41.09 46.67 54.36 | 40.54 44.26 44.57
DPGO* [50] 2379 25.19 35.66 43.89| 28.99 2933 31.14 - - - - - - -
Ours 10.28 13.23 2540 35.51| 1640 17.92 19.79 || 21.63 25.96 41.14 52.67 | 26.39 28.97 32.79

PGP curves of oriented normal on the PCPNet dataset.
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228 Unoriented Normal Evaluation

| PCPNet Dataset ‘ | FamousShape Dataset
Category Noise Density Noise Density
None 0.12% 0.6% 12% | Stripe Gradient | Y8 || None 0.12% 0.6% 1.2% | Stripe Gradient | “YCT&®
Jet [10] 1235 12.84 1833 27.68 | 1339  13.13 1629 || 20.11 2057 3134 45.19 | 18.82  18.69 25.79
PCA [19] 1229 12.87 1838 27.52 | 13.66 1281 1625 || 1990 20.60 31.33 4500 | 19.84  18.54 25.87
RMSE of unoriented normal pcpPNet[i7] 9.64 11.51 1827 22.84 | 11.73  13.46 14.58 || 18.47 21.07 32.60 39.93 | 18.14  19.50 24.95
Zhouetal. * [57] | 8.67 1049 17.62 24.14 | 1029  10.66 13.62 ; - ; ; . - .
on datasets PCPNet and Nesti-Net [6] 7.06 1024 1777 2231 | 864 895 | 1249 || 11.60 1680 31.61 3922 | 1233 1177 | 2055
FamousShape. Lenssenefal. [29] | 672  9.95 17.18 21.96 | 7.73 751 11.84 || 11.62 1697 30.62 3943 | 11.21  10.76 20.10
DeepFit [5] 651 921 1673 23.12 | 7.92 7.31 11.80 || 11.21 1639 29.84 3995 | 11.84  10.54 19.96
MTRNet* [9] 6.43 969 17.08 22.23 | 8.39 6.89 11.78 - - - - - - -
Refine-Net [56] 592 904 1652 22.19| 7.70 7.20 11.43 - - - - - - -
Zhang etal. * [54] | 5.65 9.19 16.78 22.93 | 6.68 6.29 11.25 983 16.13 29.81 3981 | 9.72 9.19 19.08
Zhouetal. * [58] | 590 9.10 1650 22.08 | 6.79 6.40 11.13 . - . ; - - -
AdaFit [59] 519 905 1645 21.94 | 6.01 5.90 10.76 || 9.09 1578 29.78 38.74 | 8.52 8.57 18.41
GraphFit [31] 521 896 1612 21.71 | 6.30 5.86 1069 || 891 1573 2937 38.67 | 9.10 8.62 18.40
HSurf-Net [32] 417 878 1625 21.61 | 4.98 4.86 10.11 759 1564 29.43 3854 | 7.63 7.40 17.70
Ours 395 855 16.13 21.53 | 4.91 4.67 9.96 7.41 1534 2933 3856 | 7.74 7.28 17.61
PGP curves of unoriented normal on the PCPNet dataset.
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228 Ablation Studies

Ablation Feat.  Module Los Point Noise Density Oriented || Unoriented
Enco. H Samp. || None 0.12% 0.6% 1.2% | Stripe Gradient | Average Average
w/o patch encoding v v v 35.19 4223 5559 61.38 | 38.92 41.49 45.80 18.83
(a) w/o shape encoding v v v 69.72 6437 81.87 77.07 | 74.84 90.35 76.37 14.94
w/o weight w v v v 11.15 1432 2649 36.03 | 17.99 26.03 22.00 10.48
(b) w/o module H v v v 12.08 1453 25.87 35.88 | 18.45 31.84 23.11 10.24
() w/oLgin,Lsgn v v v 23.86 2555 3413 4248 | 3242 41.30 33.29 20.23
w/o density gradient v v v 12.10 1825 28.05 38.15 | 19.79 28.09 24.07 10.00
w/o random sample v v v 11.01 1379 25.64 3586 | 17.22 25.71 21.54 9.94
) ¢(=1/2 v v v 10.99 14.04 25.66 3578 | 17.73 37.82 23.67 9.92
¢(=1/3 v v v 13.27 1542 26.82 37.16 | 17.52 28.11 23.05 9.95
Np=1100 v v v 10.67 1421 2554 3597 | 16.80 26.98 21.69 9.99
Np=1300 v v v 12.44 1453 2593 3579 | 18.40 19.85 21.16 9.98
Final v v v v 10.28 13.23 2540 35.51 | 1640 17.92 19.79 9.96

Oriented normal RMSE of ablation studies on the PCPNet dataset.

» The last column is the average results under the unoriented normal metric.

» The ablation experiments include: (a) the feature encoding modules and the weight, (b) the attention-
weighted normal prediction module, (c) sin loss and sign loss, (d) the point sampling strategies and
other hyperparameters.
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3. Demo and Application
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Application: Point Cloud Denoising
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Summary

 In summary, our contributions include:

(a) We introduce a new technique to represent point cloud geometric
properties as signed hyper surfaces in a high-dimensional feature
space.

(b) We show that the signed hyper surfaces can be used to estimate
normals with consistent orientations directly from point clouds,
rather than through a two-stage paradigm.

(c) We experimentally demonstrate that our method is able to estimate
normals with high accuracy and achieves the state-of-the-art results
In both unoriented and oriented normal estimation.



Thanks for your attention!

https://leoqgli.github.io/SHS-Net/



