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1. Additional details for Monge Patch methods
1.1. Curvature estimators

Let us remind the expression of W:

W =F 'Fy

o GL—FM  GM—FN )
" det(Ff) \-FL+EM —FM+EN)’

with, as expressed in Equation (6) (main document)
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The expression of the matrix W could be decomposed :
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The partial derivatives of the equation (37) (main document) at
(u,v) = (0,0), are:

hy = [“é}m
hy = [“é]l s
M = 2ug, (7)
huy = 2ug,,
vy = 2ug, .
2-Monge

The partial derivatives of the Equation (40) (main document), at
(u,v) = (0,0) become
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1.2. Relation between the Weingarten map and the Hessian
matrix

It exists a relation between the Hessian matrix H and the Wein-
garten map W. The decomposition of W under the assumption
P(x) = T(x) leads to the decomposition of the Hessian matrix .
Given hy = hy = 0 in that case, W is decomposed as :

GL—FM = hyy, )
GM — FN = hyy, (10)
—FL+EM = hyy, an
—FM 4 EN = hy,. (12)

With det(Fj) =1 dueto E=1,F =0and G =1,

huu hMV
huv hVV ’

=H.

v
13)

2. Fundamental forms computation of 3DQuadric

Let us remind the formulation of the 3D implicit quadric surface,
for x = [x,y,2)":
flx,yz) = ax> +by> + ¢z
+exy+ fyz+ gxz
+Ix+my+nz+d
=0,

(14)
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with partial derivatives
Sx=2ax+ey+gz+1,
fy=2by+ex+ fz+m,
Jfe=2cz+ fy+gx+n,

fxx:fyy:fzzzz% (15)
j@’::13X::e7
fyz = fzy =f,
fe=fx=g
The coefficients of the first fundamental form are given as:
R
E=1+1 (16)
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and the coefficients of the second fundamental form:
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with [V f| =/ fZ + f7 + 2.

3. Normal estimation on PCPNet dataset

As detailed in Section IV-D (main document), most data-driven
approaches require a constant number of points as input. In Ta-
ble 1, we report the error of normal estimators on the PCPNet
dataset using kNN queries, and compare with reference values
from [LZM*23]. On this dataset, learning-based approaches pro-
vide good results when data is not perturbed by any noise. When
adding noise, all approaches give more comparable results. Com-
putation times are not reported for learning-based approaches, how-
ever they remain by construction more computationally expensive
than the estimators reviewed in this survey, and require a training
stage.
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PCPNet dataset

Methods . . . . . . .
nonoise low noise med noise high noise gradient striped

8.8996 9.4944 14.7483 19.6377 9.2796 9.6323
Mean [PWY*07] 13.2935 13.5332 16.8286 21.2072 13.5864 14.6289
18.0087 18.1304 19.8126 229458 18.2744  20.2551

8.6023 10.6968 30.6998 47.957  10.6009 9.7252

PCA [HI87] 11.8165 12.4102 17.8881 27.1425 122674 13.4132
15.988 16.1132 18.4838 23.4033 15.7814  18.9893

8.549 10.5799 30.8513 47.83  10.5473 9.4248

2-Monge [Gra98] 12.1938 12.6689 17.8446 27.3126 12.666  13.3004
16.7978 16.8327 18.5045 23.3455 16.5161 18.5109

9.0929 11.0462 30.1311 47513  11.1218 10.5784

PC-MLS [RGRG15] 11.8844 12.442 17.926 269784 12.3033  14.1938
15.7104 15.8724 18.517 23437 157428 20.2174

8.7799 13.4843 30.8605 43.8584 9.4882 9.6846

JetFitting [CPOS5] 12.5576 13.0869 18.8596 26.5802  13.0117 13.801

17.6966 17.7237 19.6298 234036 17.7298 20.9279

21.4249 10.9387 42.2005 522676  22.4728  20.4807
Sphere [Pra87] 18.6915 13.2754 22.4452 43.5974 21.5765 21.6521
20.826 17.4637 19.8776 26.8404  22.5567 23.5721

8.4219 9.1384 15.0258 20.5346  12.6097 9.5761
APSS [GGO7] 12.7073 13.0178 16.7342 21.2059 13.5142 139129
17.1058 17.2639 19.3495 22.6631 17.5308 19.1921

7.4935 8.0597 13.5053 18.6974 11.6135 8.6227
UnorientedSphere [CGBG13] 10.7997 11.1369 14.6665 19.1391  11.6948 11.9694

14.9527 15.0483 16.7768 20.027 14.7388  16.7265
6.9205 8.4923 22.1256 34.8092  11.7356 8.3558
ASO [LCBM21] 10.0561 10.6739 16.351 23.7828 11.6419 11.4706

14.3719 14.5965 17.4575 21.7644  15.0594 16.4901

25.8971 15.2405 39.7588 52.1231 29.9315 26.7557
3DQuadric [DB02] 20.7195 16.3863 2342 36.6954  26.4541 25.2431
21.1637 19.6917 22.7696 27.7624  25.1852  24.9585

HoughCNN [BM16] 10.23 11.62 22.66 33.39 11.02 12.47
PCPNet [GKOMI18] 9.66 11.46 18.26 22.8 13.42 11.74
DeepFit [BSG20] 6.51 9.21 16.72 23.12 7.92 7.31
AdaFit [ZLD*21] 5.19 9.05 16.44 21.94 59 6.04
NeAF [LZM*23] 4.2 9.25 16.35 21.74 4.88 4.89
SHS-Net [LFS*23] 349 8.43 15.73 21.05 4.17 4.45
IGF-Fit [LSY24] 4.42 9.58 16.43 23.88 5.04 5.29
zhou et al. [ZLW*24] 4.25 8.78 16.11 21.75 4.94 52
PointNorm-Net [ZNZ*25] 8.69 11.32 17.58 23.93 9.62 10.33

Table 1: RMS angle error on unoriented normal estimations for different radii [75,150,700] and artifacts. For comparison, the last 9 rows
are the results given by their respective paper. Low, med and high noise correspond to a gaussian noise of standard deviation of, respectively,
0.12%, 0.6% and 1.2% of the bounding box diagonal. Gradient and striped correspond to two density variations.
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