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Abstract—Estimating the normal of a point requires con-
structing a local patch to provide center-surrounding context,
but determining the appropriate neighborhood size is difficult
when dealing with different data or geometries. Existing methods
commonly employ various parameter-heavy strategies to extract
a full feature description from the input patch. However, they
still have difficulties in accurately and efficiently predicting
normals for various point clouds. In this work, we present a
new idea of feature extraction for robust normal estimation of
point clouds. We use the fusion of multi-scale features from
different neighborhood sizes to address the issue of selecting
reasonable patch sizes for various data or geometries. We seek to
model a patch feature fitting (PFF) based on multi-scale features
to approximate the optimal geometric description for normal
estimation and implement the approximation process via multi-
scale feature aggregation and cross-scale feature compensation.
The feature aggregation module progressively aggregates the
patch features of different scales to the center of the patch
and shrinks the patch size by removing points far from the
center. It not only enables the network to precisely capture
the structure characteristic in a wide range, but also describes
highly detailed geometries. The feature compensation module
ensures the reusability of features from earlier layers of large
scales and reveals associated information in different patch sizes.
Our approximation strategy based on aggregating the features of
multiple scales enables the model to achieve scale adaptation of
varying local patches and deliver the optimal feature description.
Extensive experiments demonstrate that our method achieves
state-of-the-art performance on both synthetic and real-world
datasets with fewer network parameters and running time.

Index Terms—Point clouds, normal estimation, 3D deep learn-
ing, feature extraction, surface fitting.

I. INTRODUCTION

OINT cloud normal estimation is one of the basic tasks
in 3D computer vision. It has a very wide range of
applications and is a prerequisite for many downstream tasks
or algorithms, such as surface reconstruction [I], graphics
rendering [2]-[4], point cloud denoising [5]-[9] and so on.
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Fig. 1. Normal estimation for point cloud patches. Top row: on a 3D surface,
the normals estimated by different neighborhood sizes N have different
directions. Bottom row: the number of neighboring points that can be used
to accurately estimate the query point normal varies in different structures.
The red points contribute more for normal estimation, and the blue points
contribute less.

Although normal estimation has been extensively studied with
the development of 3D point cloud processing, it is still
challenging under varying noise levels, non-uniform sampling
densities, and various complex geometries.

A standard procedure for estimating a query point normal
is to build a fixed-scale local patch and analyze its geometry
using various techniques [10]-[12]. However, as shown in
Fig. 1, it is difficult to choose an appropriate patch size
for different data or geometries. A too small patch size can
not provide enough neighboring points to capture the local
spatial geometric information, while a too large patch size will
bring redundancy or dehighlight sharp geometry, degenerating
accuracy and efficiency. We provide an experimental analysis
in Sec. III. Specifically, (1) for point clouds with noise, a
relatively larger size is often a better choice. (2) For structures
with smooth planes, it is suitable to select a smaller patch size,
and a larger size may not bring performance improvement but
redundant points and additional computational burden. (3) For
structures with high curvature, the points that are favorable
for normal estimation are basically distributed in a small
range around the query point, while the points far from the
center are mostly irrelevant. Therefore, existing learning-based
methods [13]-[19] adopt various techniques to extract features
from point cloud patches to fully capture the local geometries.

The key insight of this work is that aggregating features
from different neighborhood sizes can address the issue of
selecting reasonable patch sizes for various data or geometries.
For noisy point clouds, having the central points acquire
information in a large neighborhood can make the estimation
more robust. For smooth planes or large curvature structures,
letting the model focus on points near the center can lead
to more efficient and accurate normal estimation. However,
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Fig. 2. Previous methods use (a) fixed-scale patches (DeepFit [12], Graph-

Fit [20]), (b) pre-computed features (Refine-Net [15], Zhang et al. [21]), (c)
multi-scale networks (AdaFit [14], NeAF [17], HSurf-Net [16]) or (d) multi-
branch networks (PCPNet [1 1], Nesti-Net [13], SHS-Net [18], [22]). (¢) Our
patch feature fitting method for normal estimation.

how to efficiently learn multi-scale features from input patches
and effectively make these features reveal the geometry is not
properly solved. Existing methods shown in Fig. 2 estimate
point normals by first establishing local patches, and then
utilizing neural networks to learn to directly or indirectly map
their extracted features to 3D normal vectors. However, the
methods in Fig. 2(a) do not generalize well to various data.
The methods in Fig. 2 (b) and (d) suffer from a large number
of network parameters or high computational complexity. The
methods in Fig. 2(c) have limited feature learning capabilities
with reduced points.

As shown in Fig. 2(e), our method attempts to model a patch
feature fitting based on multi-scale features to approximate
the optimal geometric description for point cloud normal
estimation. We implement an approximation process via multi-
scale feature aggregation and cross-scale feature compensa-
tion. Unlike surface fitting models [12], [14], [20], [23], [24]
that use truncated Taylor expansion to fit 3D surfaces for point
cloud patches, we view the feature extraction as a higher-
order approximation process in feature space using neural
networks. The approximation process is built using multi-scale
features from different patch sizes, and the approximation
error is considered via cross-scale feature compensation based
on attention. Instead of treating all input points equally, we
collect more features from points closer to the center of the
patch, and transfer features from large scales to small scales
for multi-scale feature aggregation. Thus, the model can not
only efficiently capture a wide range of spatial information, but
also perpetually focus on central points. Our approximation
strategy based on weighing the features from multiple scales
enables the model to achieve scale adaptation for various
geometries. Experimental results on the shape dataset, the real-
world indoor and outdoor scene datasets show that our method
is robust to domain shift (training on shapes, testing on scenes)
and has good generalization capability on real-world LiDAR
data. We also demonstrate the extensibility of our method and
its ability to improve the performance of other methods. Our
main contributions can be summarized as follows.

« We propose a strategy that exploits the idea of patch feature

fitting based on multi-scale features to approximate the
optimal features for normal estimation.

o« We design an effective network architecture that includes
multi-scale feature aggregation and cross-scale feature com-
pensation to implement the patch feature fitting and the error
in approximation process.

« Extensive evaluation shows that our strategy brings signifi-
cant performance improvements with fewer parameters and
runtime than baseline methods.

II. RELATED WORK

Traditional approaches. The most widely used normal esti-
mation method is based on the classic Principle Component
Analysis (PCA) [10], which analyzes the variance in a patch
around a query point and defines its normal as the direction
of minimal variance [25]. Later, many improvements [26]—
[28] have been proposed for PCA. Mitra et al. [29] costly
investigate the effect of local curvature and point density of
the underlying surface to determine the patch size. To preserve
more detailed features, other methods use Voronoi cells [30]-
[33], Hough transform [34] and edge-aware sampling [35].
Variants that are based on complex surfaces have also been
proposed, such as moving least squares [36], jet fitting [23],
spherical fitting [37], multi-scale kernel [38], local kernel re-
gression [39] and winding-number field [40]. The data-specific
parameters of the above methods often do not generalize well
to different data.

Learning-based approaches. (1) Regression-based methods.
In recent years, learning-based methods have been proposed
to directly predict normals from point clouds in a data-driven
manner. Some methods [41]-[43] try to map the unstructured
point cloud data into a regular domain to extract features.
Meanwhile, some alternative approaches learn from raw point
clouds. PCPNet [11] and Zhou et al. [44] adopt the PointNet
architecture [45] to extract patch features from multiple scales.
Hashimoto et al. [46] use a two-branch network to extract
local and spatial features. Nesti-Net [13] tries to search the
optimal neighborhood scale but suffers from computational
inefficiency. Refine-Net [15] employs a refinement network to
optimize the initial normals using the learned local features.
HSurf-Net [16] introduces a hyper surface that is parameter-
ized by MLP layers and optimized in high dimensional feature
space for normal estimation. NeAF [17] proposes to implic-
itly learn the angle distance field of points and predict the
angle offsets of query vectors. SHS-Net [18], [22] introduces
signed hyper surface to learn unoriented and oriented normals.
NGLO [47] first predicts coarse normals with global consis-
tency from the global point cloud by learning implicit func-
tions, and then refines the normals based on local information
to improve their accuracy. NeuralGF [48] estimates normals
in an unsupervised manner by learning gradients of implicit
functions. MSECNet [19] improves normal estimation in areas
with drastic normal changes by introducing edge detection
technology. CMG-Net [49] proposes a metric of Chamfer
Normal Distance to address the issue of normal direction
inconsistency in noisy point clouds. (2) Fitting-based methods.
Lenssen et al. [50] propose to iteratively parameterize an
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Normal estimation results of PCA on different point clouds using two different neighbor sizes N. The execution time and average normal angle

RMSE are provided under each point cloud. The point color is the normal angle RMSE mapped to a heatmap ranging from 0° to 50°.

adaptive anisotropic kernel to learn weights for a least squares
plane fitting. MTRNet [51] uses a differentiable RANSAC
to fit a latent tangent plane. DeepFit [12], AdaFit [14],
GraphFit [20], Zhou et al. [52], Zhang et al. [21] and Du et
al. [24] use a PointNet-like or graph convolutional network to
predict point weights and apply a weighted polynomial surface
fitting to fit a local surface and calculate its normal. They try
to use the weight to provide more reliable inlier points for
the fitting. The above methods do not fully explore multi-
scale features and effectively filter out redundant information,
often have parameter-heavy networks and run inefficiently.
Compared to AdaFit, which reduces patch size to simplify
explicit surface fitting, our center-based downsampling is
designed to enrich geometric representation across scales for
direct normal regression. By integrating point-wise weighting,
multi-mode feature fusion, and cross-scale compensation, our
method achieves higher accuracy with fewer parameters and
significantly better efficiency.

III. PRELIMINARY

A. Effect of patch size on normal estimation

To analyze the effect of different patch sizes on point cloud
normal estimation, we employ the classic PCA algorithm [10]
with k-nearest neighbor sizes N =8 and N =16 to conduct
normal calculations on several different point clouds, which
cover the common situations including clean (noise-free),
noise, non-uniform sampling, simple and complex structures.
The results are shown in Fig. 3, we can observe several
phenomenons that are in harmony with the intuition: (1)
Smaller patch size takes less time, while larger one takes more
time. (2) For simple flat structures (boxy shape), the results
of different patch sizes are similar, but a larger size leads to
redundant information and costs much more runtime. (3) For
complex structures (column shape), the useful information for
the query point normal estimation is relatively concentrated.
A smaller size brings better results, while a larger size gives
invalid information or even distractions. (4) For non-uniformly
sampled point clouds, a smaller patch size can provide more
reasonable structural information from points that are far apart.
(5) For noisy point clouds, a larger patch size can effectively
suppress the interference caused by noise. This experiment
shows that using a large or small patch size has advantages and

disadvantages in different situations, and the optimal method
should take the advantages of both and avoid the disadvantages
of both. To this end, we propose a strategy that exploits the
idea of patch feature fitting based on multi-scale features to
approximate the optimal features and enables the model to
achieve scale adaptation for various geometries in normal
estimation. We use a relatively large patch size to extract
reliable structural features and suppress noise, and gradually
reduce the patch size to focus on the center of the patch and
get faster runtime. Meanwhile, the feature aggregation during
scale reduction filters out redundant or invalid information to
ensure accurate normal estimation.

B. Theoretical motivation from Taylor expansion

Given a point cloud patch P = {p;}¥ | consisting of N
points around a query point ¢, our method aims to estimate
the unoriented normal n, at point g. Our network design
is inspired by the Taylor expansion of an implicit surface
function. Let f : R3 — R be a smooth scalar function that
defines a surface by f(p) = 0, where V f(p) is aligned with
the surface normal at p. For any point p; in the neighborhood
of g, the function can be locally approximated via a second-
order Taylor expansion:

Fa+X) = f@+ @) X+ 3 X TH () X +Ro(X) , (1)

where X = p; — ¢ denotes the local offset, Hf(q) is the
Hessian matrix capturing curvature, and R3(X) represents the
third- and higher-order residual. The first two terms V f(q) ' X
and X'H #(¢)X correspond to local planar and quadratic
geometry, while the residual term accounts for finer surface
details. In practice, the surface fitting based methods [12], [14],
[20] first approximate a 3D surface by a binary polynomial and
then compute the normal of the fitted local surface using the
coefficient of the solved polynomial.

In order to directly regress 3D point normals in an end-
to-end manner, we approximate the surface function in a
feature space and define a learnable feature transformation
F(X) based on the offset X. We expect F'(X) to capture
geometric information such as normals and curvatures. As
a result, we view F(X) as a feature-space analogue of a
polynomial expansion:

FX)~0] X +XT0:X+--, 2)
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where 0, and 6 are learnable parameters of MLPs approxi-
mating surface derivatives, and the terms correspond to surface
differential properties. As introduced in Sec. IV-B, we interpret
our network as a functional approximation of this expansion,
with each residual block modeling a distinct component of
the underlying polynomial that characterizes the local surface
geometry. Specifically, block F; is designed to progressively
extract and aggregate multi-scale features X corresponding
to the linear and quadratic terms. Each residual block in F;
updates the representation as

Xk+1 =X}, + MLP;, (Xk,Xk) s 3)

which can be viewed as fitting the dominant geometric com-
ponents 6, X and X "0, X through stage-wise feature refine-
ment. X}, is also used to denote offset encoding. Each MLPy(-)
is responsible for modeling one stage of the expansion, and the
residual addition naturally mimics term-wise accumulation. In
effect, F; fits a local planar approximation plus curvature, i.e.,
the first two low-order terms of the Taylor expansion. This is
analogous to classical geometry-fitting: estimating the tangent
plane (first-order) and principal curvatures (second-order) via
a truncated Taylor expansion (called n-jet) [23].

Subsequently, block F> models the remaining high-order
variation using finer-scale patches:

Xreﬁne = Acoarse T MLPreﬁne(Xcoarse) ) (4)

serving as a learned residual corrector to capture detailed
geometry in complex regions. Additionally, our attention-
based cross-scale compensation module in Sec. IV-C reuses
coarse-scale features in a weighted manner, further enhancing
the fidelity of the approximation.

In summary, our network mimics the progressive accumu-
lation of Taylor terms: block Fj fits the low-order structure,
block F5 corrects the residual, and cross-scale attention en-
ables explicit compensation. The formulation not only grounds
our architecture in geometric theory but also explains the
effectiveness of our residual-based multi-scale feature fusion.

IV. METHOD

Overview. In this work, we introduce a novel multi-scale
feature extraction method in normal estimation. Rather than
explicitly fitting 3D surfaces using point coordinates, we
implement a feature extraction and fusion mechanism based
on multiple size scales to allow the network to adaptively
find optimal geometric descriptions for input patches with
fixed scales from their fused features. Our goal is to use the
aggregation of multi-scale features to obtain F'(X ), which is
implicitly defined by the ground truth normal. To this end, we
design two kinds of layers with different learning strategies,
which are further used to build two kinds of blocks, to extract
features at different scales. Moreover, we employ an attention
block to provide compensation concerning the approximation
error. Fig. 5 shows an overview of the proposed algorithm,
which mainly consists of a per-point feature extraction module,
two blocks for multi-scale feature aggregation and a cross-
scale compensation module using attention mechanism. As
the number of layers in the network increases, we decrease the
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Fig. 4. The architecture of our per-point feature extraction module.

patch size in the latter layers by reducing the nearest neighbors
of the query ¢. The reduction in points effectively reduces the
burden on the algorithm and brings higher running efficiency.

A. Per-point Feature Extraction

We first learn a point-wise feature set X = {x;}¥, for
all points of the input patch P. Previous methods [I1],
[12], [14], [17] employ the PointNet-like structures [45] for
feature extraction. However, their network is insufficient to
capture local structure information since it does not encode
the connections of each point to its neighborhoods. As shown
in Fig. 4, we provide a novel feature extraction unit, which is
formulated as

(&)
where 1) and ¢ are MLPs, and ¢ is a stack of densely
connected graph convolution layers. p] € kNN(p;) denotes
the nj-nearest neighboring points of p;. MAX{-} means
maxpooling. The function (-, -) fuses the point-wise features
and local features for each point by concatenation. The graph
convolution extracts local features for each point in the patch,
while the dense connection delivers features with richer con-

textual information [53], [54].

B. Multi-scale Feature Aggregation

A template. To construct the feature-based polynomial, we
learn the multi-scale feature based on the per-point feature X'.
Specifically, we extract features from different patch sizes and
then fuse the features to realize feature aggregation. During
this process, we gradually reduce the patch size around the
query point g by removing neighboring points that are far
away from it, and aggregate the information from the removed
far points to the remaining points in the patch, thus realizing
focalization and concentration. Meanwhile, the reduction in
points can improve running efficiency. In summary, the basic
convolutional layer P is formulated as

yi=a (ﬁ (MAX{V(U}J‘ 'fﬂj)};\zl) ; xi) y8=1,+ N1,
(6)
where «, 8 and vy are MLPs, x; and y; are per-point features.
Note that the features are sorted in ascending order according
to the distances between the underlying points and the query,
so that the index can be used to efficiently remove points
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and their features that are far away. k is the size index and
Nit1 < N < N. MAX{-} represents the feature maxpooling
over N, points in the patch. w is a distance-based weight [18],
[22], and is calculated by

d;

o vazl dia d; U(a b”pz QH2)7 @)

where o is the sigmoid function, a and b are learnable
parameters with the initial value set to 1. We use the weight w
to let the network focus more on the points p; that are closer to
the query point ¢, thereby extracting reliable features in areas
where the geometry changes drastically and improving the
robustness of the algorithm. Although our feature aggregation
framework shares conceptual similarities with SHS-Net [18],
it is fundamentally different in motivation and scope of feature
encoding. SHS-Net adopts a simplified and lightweight fusion
of global and local features, while our approach is rooted
in Taylor expansion theory and performs hierarchical resid-
ual fusion solely within local neighborhoods, enabling finer
geometric approximation.
Two variants. Next, we will build two different layers and
two different blocks based on Eq. (6). As shown in Fig. 5, we
provide two types of layers P; and Pz depending on whether
the patch size is reduced or not, i.e., Nyy1 = Nj or Niyq <
Ny,. These two layers P; and P can be stacked alternately,
enabling the model to find increasingly rich representations
of the point cloud patch. In our normal estimation pipeline,
we further build two different blocks F; and F» using the
different combinations of layers P; and P». For block Fi, the
features from two layers P; and P, are aggregated by addition
operation and passed to the next layer, i.e.,

X1 = [XNy +Pa(Xe), X =Pr(Xe1), (8)

where [-]n, ., means taking the features of the nearest neigh-
bor point of g whose neighborhood size is Njy;. Note
that we sort the input points and their features according
to their 3D distance from ¢ and keep the order unchanged
during processing, thus achieving fast indexing. For block F3,
the features from two P; layers are aggregated by addition
operation and then passed to the next layer, i.e.,

Xpp1 = X + P1(Ay), X =Pi(Xi—1), &)

The block F; extracts wide-range neighborhood features and
gradually reduces the patch size to filter out redundant or
irrelevant features, while the block JF5 further refines these
features. With the recursive utilization of our blocks, the large
patch sizes of earlier layers provide more information about
the underlying geometries, while the small patch sizes of
the latter layers result in a more accurate description of the
central details. By utilizing their combination, we can use
fewer network parameters to extract information useful for
normal estimation, and the reduction in patch size can also
improve the algorithm’s running efficiency.

C. Cross-scale Compensation

Generally, there is information loss during the feature
extraction process, which leads to description errors and af-
fects feature approximation. The residual connection [56] that
reuses the features from earlier layers can stabilize training and
convergence. In this work, we introduce an alternative method
and propose to weigh features at different scales via distance-
weighted attention, and generate compensation in geometric
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TABLE I
NORMAL RMSE ON THE DATASETS PCPNET AND FAMOUSSHAPE. THE LOWER THE BETTER.

| PCPNet Dataset

I FamousShape Dataset

Category

Noise Density A Noise Density v
None Low Medium High | Stripe Gradient None Low Medium High | Stripe Gradient

PCV [55] 1250 1399 1890  28.51 | 13.08 13.59 16.76 21.82 2220 31.61 46.13 | 2049 19.88 27.02
Jet [23] 1235 12.84 1833  27.68 | 13.39 13.13 16.29 20.11 20.57 3134 4519 | 18.82 18.69 25.79
PCA [10] 1229 1287 1838  27.52 | 13.66 12.81 16.25 1990 20.60 31.33  45.00 | 19.84 18.54 25.87
PCPNet [11] 9.64 1151 1827  22.84 | 11.73 13.46 14.58 18.47 21.07 32,60 3993 | 18.14 19.50 24.95
Zhou et al. [44] 8.67 1049 17.62 24.14 | 10.29 10.66 13.62 - - - - - - -

NeuralGF [48] 7.89  9.85 18.62  24.89 | 9.21 9.29 13.29 13.74  16.51 31.05  40.68 | 13.95 13.17 21.52
Nesti-Net [13] 7.06 1024 1777 2231 | 8.64 8.95 12.49 11.60 16.80 31.61  39.22 | 12.33 11.77 20.55
Lenssen ef al. [50] | 6.72  9.95 17.18 2196 | 7.73 7.51 11.84 11.62 1697 30.62 3943 | 11.21 10.76 20.10
DeepFit [12] 6.51 9.21 1673  23.12 | 7.92 7.31 11.80 11.21 1639 29.84 3995 | 11.84 10.54 19.96
MTRNet [51] 6.43  9.69 17.08 2223 | 8.39 6.89 11.78 - - - - - - -

Refine-Net [15] 592  9.04 16.52 2219 | 7.70 7.20 11.43 - - - - - - -

Zhang et al. [21] 565 9.19 16.78 2293 | 6.68 6.29 11.25 9.83 16.13  29.81 39.81 | 9.72 9.19 19.08
Zhou et al. [52] 590 9.10 16.50  22.08 | 6.79 6.40 11.13 - - - - - - -

AdaFit [14] 519 9.05 16.45  21.94 | 6.01 5.90 10.76 9.09 1578 29.78 3874 | 8.52 8.57 18.41
GraphFit [20] 521 896 16.12  21.71 | 6.30 5.86 10.69 891 1573 2937  38.67 | 9.10 8.62 18.40
NeAF [17] 420 9.25 1635  21.74 | 4.89 4.88 10.22 7.67 1567 2975 3876 | 7.22 7.47 17.76
HSurf-Net [16] 417 878 1625  21.61 | 4.98 4.86 10.11 759 1564 2943 3854 | 7.63 7.40 17.70
NGLO [47] 406 870 16.12  21.65 | 4.80 4.56 9.98 725 1560 2935 3874 | 7.60 7.20 17.62
Du et al. [24] 385 8.67 16.11  21.75 | 4.78 4.63 9.96 6.92 1505 2949 3873 | 7.19 6.92 17.38
SHS-Net [18] 395 855 16.13  21.53 | 4.91 4.67 9.96 741 1534 2933 3856 | 7.74 7.28 17.61
CMG-Net [49] 387 845 16.08  21.89 | 4.85 445 9.93 7.07 14.83  29.04 3893 | 743 7.03 17.39
MSECNet [19] 384 874 16.10  21.05 | 4.34 451 9.76 6.85 1560 2922 3813 | 6.64 6.65 17.18
Ours 332 834 15.63 2094 | 4.10 3.92 9.38 6.60 14.68 28.86 3827 | 6.86 6.41 16.95

Fig. 6. Examples of point cloud shapes from our NestPC dataset.

description. First, we generate several feature components
through the following formulas

Qi = 0q (i), Ki = 0k (), Vi = Ov (), Ay = 0a(Qi + K;),

(10)
where 0 is MLP, z; € X is the per-point feature before block
F1 and y; € ) is the feature after block F;. Then, the cross-
scale feature compensation is implemented by an attention
block conditioned on )/, that is

'7Nk ) (11)

where 1 and p are MLPs. p provides attention weights to
modulate individual features, while 7(-,-) fuses two kinds of
features through concatenation. w is the distance-based weight
in Eq. (7). We do not use a softmax operation for normalization
as in [57], [58] since it does not bring performance gains,
which is verified by ablation experiments.

zi =n(w; - Vi p(d;), vi), i=1,-

D. Normal Prediction and Training Loss

After obtaining the final output feature X, of the remaining
nearest N, points using block F», the unnormalized normal

of query point n, is predicted by a weighted maxpooling of
its neighboring features z; € X, i.e.,

n, :5(MAX{wi-T,- cxili=1, - ,NO}), (12)

where 7; =sigmoid(§(z;)) is a weight. ¢ and & are MLPs. The
neighboring point normals n; are predicted from X, by another
MLP. To train the network to predict accurate normal, we
calculate the sin distance dgj, and squared Euclidean distance
deuc between the predicted normal n and the ground truth i,
then we have

Ly = dsin + deue = ||n X 11]| + min (||n —n% |n+ ﬁ||2) .

13)
Thus, we obtain the loss £ for query point normal n, and
the mean loss £? for neighboring point normals n;. Moreover,
to facilitate the learning of 7 in Eq. (12), we adopt a weight
loss based on coplanarity [21],

1 N (p A )2
r ~A\2 ~ i - g
T N; 1(;1'7 Z) y Ti eXp <2) ’ (14)

where € =max(0.0025, 0.3~ (p; - fi,)2/N). In summary,
the final training loss function is given by

L =MLY+ M\LE + ML, (15)

where the weight factors Ay = 0.1, A = 0.4 and A\3 = 1.0
are first set empirically, and then fine-tuned according to the
experimental results.

V. EXPERIMENTS

Implementation. We follow the same experimental setup
in [I1], [16] and train our network only on the training
set of the PCPNet dataset [11]. In this dataset, each shape
corresponds to a clean point cloud and other point clouds
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Normal PGP curves on the PCPNet dataset. The Y-axis is the percentage of good point normals whose normal errors are smaller than the given
angle threshold of the X-axis (in degrees). More graphs with a different axis scale are shown in Fig. 8.
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Fig. 8. Normal PGP curves on the PCPNet dataset. The scale of the axes is
different from Fig. 7, so we show it separately for better presentation.
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Fig. 9. Normal PGP curves on sparse point cloud data with 3000 and 5000
points, respectively.

generated by five different strategies, including three levels of
Gaussian noise with standard deviations of 0.12% (low), 0.6%
(medium) and 1.2% (high) of the shape bounding box diagonal
and two types of non-uniform sampling (stripe and gradient).
In each training epoch, we randomly sample 1000 query points
from each shape as centers and build patches around them.
Each patch is centered on the query point and normalized to
a unit sphere. We set the input patch size N =800, the size
scale set Ny = {N/b*}L_,, where L = 2 (for the number
of size scales) and b = 2 (for the size of each scale). The
number of kNN points in the per-point feature extraction is
ng = 16. We train the model for 800 epochs, and adopt the
AdamW optimizer with an initial learning rate of 0.001, which

Ours HSurf-Net AdaFit DeepFit

40

0

6.56 8.37 11.18

Fig. 10. Normal error visualization on complex shapes of the PCPNet dataset.
The normal RMSE is mapped to a heatmap (0° —40°), and the average value
is provided under each shape.

is decayed to 1/5 of the latest value at epochs {400,600}.
Metric. We use the normal angle Root Mean Squared Error
(RMSE) as the evaluation metric and the Percentage of Good
Points (PGP) to count points with qualified normals [11], [16].
NestPC dataset. In this study, we present a new dataset for
3D point cloud normal estimation evaluation. The number
of datasets in this research field is very limited. The data
in commonly used point cloud normal estimation datasets,
such as PCPNet [|1] and FamousShape [18], have relatively
simple topological structures. To comprehensively evaluate the
performance of the proposed algorithm, we collect shapes with
complex topology and sample point clouds from the provided
mesh data. The ground-truth normals of the point clouds are
calculated from the mesh data and used for evaluation. As
shown in Fig. 6, we call this new dataset NestPC, which will
be publicly available along with our source code.

A. Baseline Methods

In our experiments, we compare our method with various
baseline methods, which are mainly classified into the fol-
lowing three categories: (1) the traditional normal estimation
methods, such as PCA [10], Jet [23] and GCNO [40]; (2)
the learning-based methods using the surface fitting, such as
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TABLE II
COMPARISON OF PGP-20° ON THE PCPNET AND FAMOUSSHAPE DATASETS UNDER THE HIGHEST NOISE. THE HIGHER THE BETTER.
(%) | AdaFit [14] GraphFit [20] NeAF [17] HSurf-Net [16] Du et al. [24] NGLO [47] SHS-Net [18] CMG-Net [49] MSECNet [19] Ours
PCPNet 77.26 7171 77.44 7177 71.79 71.76 77.94 77.35 77.22 78.05
FamousShape |  43.95 43.99 44.05 44.62 43.97 44.19 44.67 43.18 44.70 44.99
TABLE III

NORMAL RMSE ON SPARSE POINT CLOUD DATA WITH 3000 AND 5000 POINTS.

‘AdaFit [14] GraphFit [20] NeAF [17] HSurf-Net [16] Du et al. [24] NGLO [47] SHS-Net [18] CMG-Net [49] MSECNet [19] GCNO [40] Ours

3K 30.46 29.56 28.64 27.74 27.18 26.78 27.22 26.13 27.32 27.87 24.50
5K 27.05 25.47 25.10 23.93 23.30 23.07 23.55 22.40 23.64 31.54 20.91
TABLE IV
OUR METHOD CAN IMPROVE THE PERFORMANCE OF OTHER METHODS ON THE PCPNET DATASET.

\ PCPNet [11] DeepFit [12] NeAF [17] HSurf-Net [16] NGLO [47] CMG-Net [49]
Original 14.58 11.80 10.22 10.11 9.98 9.93
w/ Ours-1 9.71 (14.87) 9.69 ({2.11) 9.69 (10.53) 9.69 (10.42) 9.69 (40.29) 9.69 (0.24)
w/ Ours-2 10.30 (44.28) 10.75 (J1.05) 10.06 (40.16) 9.82 (40.29) 9.71 (40.27) 9.87 (40.06)
‘Ours-1’ indicates normal optimization and ‘Ours-2’ indicates network module integration.
TABLE V
COMPARISON OF THE NETWORK PARAMETER (MILLION) AND THE AVERAGE INFERENCE TIME (SECONDS PER 100K POINTS).

\AdaFit [14] GraphFit [20] NeAF [17] HSurf-Net [16] Du et al. [24] NGLO [47] SHS-Net [18] CMG-Net [49] MSECNet [19] Ours
Param. 4.87 4.26 6.74 2.16 4.46 0.46+1.92 3.27 2.70 10.40 2.03
Time 56.23 292.12 400.81 72.47 295.69 0.56+70.77 65.89 109.98 0.61* 5.06 (0.11*)

* represents patch-to-patch normal estimation for the entire shape [19].
PCPNet

8.28

9.50 9.84 9.64

Fig. 11.  Visual comparison of normal errors on two shapes of the NestPC
dataset. The normal RMSE is mapped to a heatmap, and the average value is
provided under each shape.

DeepFit [12], AdaFit [14], GraphFit [20] and Du et al. [24];
(3) the learning-based methods for normal regression, such as
PCPNet [ 1 1], Nesti-Net [13], Refine-Net [15], HSurf-Net [16],
SHS-Net [18], [22], NeuralGF [48] and MSECNet [19].

For quantitative comparisons on the PCPNet dataset [I 1],
the numerical results of some baseline methods are taken from

PCPNet + Ours-1 PCPNet + Ours-2

DeepFit + Ours-1 DeepFit + Ours-2

DeepFit

Fig. 12. Visual comparison of normal errors on noisy and non-uniform point
clouds. Our algorithm can be used to improve other methods.

TABLE VI
NORMAL RMSE ON THE NESTPC DATASET.

GraphFit HSurf-Net Du ef al. NGLO SHS-Net CMG-Net MSECNet Ours
18.44 13.38 1336 12.79  13.37 13.99 13.89  11.62

their papers due to the unavailable source codes, including
Zhou et al. [44], MTRNet [51] and Zhou et al. [52]. For
the method of Zhang er al. [21], we only feed the 3D point
clouds into their network model to predict normals since their
precomputed features are not available. For GraphFit [20], we
train a neural network model from scratch using the official
source code. For the algorithm of Du er al. [24], we use
GraphFit [20] as the backbone network.
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TABLE VII
NORMAL RMSE ON THE SCENENN DATASET.

| HSurf-Net Du et al. NGLO SHS-Net CMG-Net MSECNet Ours

Clean 7.55 7.68 7.73 7.93 7.64 6.94 7.28
Noise| 12.23 11.72 1225 1240 11.82 11.66 1147
Input

Fig. 13.  Comparison of the reconstructed surfaces from a non-uniformly
sampled point cloud using the estimated normals. The chamfer distance
(x10~%) is provided.

B. Results on Shape Data

The quantitative comparison results on the datasets PCP-
Net [11] and FamousShape [18] are reported in Table 1. Our
method achieves significant performance improvement, and
provides more accurate normal results than baseline methods
under most noise levels and density variations. We show the
normal PGP of different data categories in Fig. 7 and Table II.
We can see that our method has the best performance at
almost all thresholds. In Fig. 8, we show more results of
normal PGP on noisy point clouds of the PCPNet dataset.
It can be seen that our method has a performance advantage
compared to the baseline methods. Fig. 10 shows a visual
comparison of the normal errors on different shapes, where
the point clouds are rendered in RGB colors according to the
error map. We provide the quantitative comparison results on
our NestPC dataset in Table VI. Moreover, Fig. 11 shows
a visual comparison of normal errors on two shapes with
complex topology and geometry. These evaluation results all
demonstrate the excellent performance of our algorithm.
Sparse data. We perform a quantitative evaluation on two sets
of point clouds that have the same shapes as the FamousShape
dataset [18], but each shape in these two sets contains only
3000 and 5000 points, respectively. As shown in Table III, we
report quantitative comparison results of unoriented normals
on these two data sets. We can see that our method has
the lowest RMSE result. Fig. 9 shows the normal PGP of
each evaluated method. These results demonstrate the good
performance of our method on sparse point clouds.

C. Results on Scene Data

To evaluate the generalization ability of our method, we
directly use the model trained on the PCPNet shape dataset to
do testing on the real scene data. The SceneNN dataset [59]
provides RGB-D data captured in various real-world room
scenes and all scenes are reconstructed as triangle meshes.
We use the preprocessed data from [16] for normal evaluation.
The ground-truth normals of this dataset are calculated from
the provided mesh data. We report the quantitative comparison
results in Table VII, and our method achieves better perfor-
mance than baseline methods in the data category of noise.

HSurf-Net

Input

AdaFit

b
i

DeepFit

Fig. 14. Comparison of the reconstructed surfaces from the denoised point
clouds. The noisy point cloud is first denoised using the estimated normals.
The chamfer distance (x10~%) is provided.

In Fig. 15, we visualize the normal RMSE on point clouds of
several indoor scenes provided by the SceneNN dataset. Our
method achieves the lowest normal estimation error in these
scenes with complex geometries.

D. Applications

Improve other methods. We provide two types of experi-
ments to illustrate that our algorithm can further improve the
performance of other methods:

(1) Ours-1: We do not make any modifications or adjust-
ments to other methods, but directly optimize their output
results. Following the normal optimization in [47], we first
modify our network and train it to predict the angle distance
between an arbitrary input vector and the true normal, rather
than predicting the normal. Then, we construct vector samples
in spherical space based on the normal results of other
methods. Finally, the vector samples are used as the input
to predict the angle of each sample, and the sample with the
smallest output angle is selected as the optimal normal.

(2) Ours-2: We replace the main structure of the feature
extraction network of other methods with our designed mod-
ules, namely multi-scale feature aggregation layer and cross-
scale compensation layer. We do not change the input data and
training losses of other methods, and keep the parameters of
the new network models as close as possible to the same order
of magnitude as their original network models. The results
of the above two experiments (i.e., Ours-1 and Ours-2) are
shown in Table IV and Fig. 12, which demonstrate the good
scalability and portability of our approach.

Surface reconstruction. To investigate the effect of the es-
timated normals, we use Poisson reconstruction [I] to re-
construct object or scene surfaces from point clouds. The
reconstructed object surfaces using the estimated normals are
visualized in Fig. 13. More surface reconstruction results of
scene data are shown in Figures 17 and 18. The results show
that the reconstruction algorithm can benefit from the normals
estimated by our method to recover more detail in sparse or
sharp areas. We also provide qualitative comparison results
on wireframe-type point clouds with less than 1000 points.
As shown in Fig. 16, our method can handle sparse and non-
uniformly sampled point clouds.

Point cloud denoising. We adopt a denoising method [7] with
default parameters to filter the input noisy point cloud based on
the normals estimated by different methods. The comparison
of reconstructed surfaces from the denoised point clouds is
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heatmap ranging from 0° to 16°. The average RMSE of the entire point cloud is provided under each point cloud. The first column shows real-world indoor

scenes with RGB colors.
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Visual comparison on wireframe point clouds with sparse and non-uniform sampling. The input point clouds contain less than 1000 points. Our

normals (red lines), as well as the normals of HSurf-Net and PCA, are reoriented via MST [10], and PCPNet and SHS-Net can estimate oriented normals.

shown in Fig. 14. The results indicate that our estimated
normals can facilitate the denoising algorithm to keep more
complete structures and details.

E. More Results on Different Data

In this section, we will show that our method (only trained
on the PCPNet shape data) can generalize well to new and
different types of point cloud data, such as RGB-D data of
indoor scenes and LiDAR data of outdoor scenes.

Kinect data. We use the RGB-D Scenes Dataset [60] to
test the generalization ability of our method to real-world
scene data. This dataset is captured in indoor room scenes
and the ground-truth normal is unavailable. We adopt ODP
algorithm [0 1] to make the estimated normals have a consistent
orientation and employ Poisson reconstruction algorithm [62]
to reconstruct surfaces. As shown in Fig. 17, we visualize the
surface reconstruction results based on the normals estimated

by different methods. The results show that our method gives
better shapes of objects in the room.

KITTI dataset. The KITTI dataset [63] is captured from real-
world street scenes using a laser scanner, but its point cloud
data is sparser in points compared to the Paris-rue-Madame
dataset. Since the ground-truth normal is unavailable, we use
ODP algorithm [61] and Poisson reconstruction algorithm [62]
to reconstruct surfaces from the estimated normals. As shown
in Fig. 19, we show a visual comparison of the estimated
normals. In Fig. 18, we provide a visual comparison of the
reconstructed surfaces based on the normals.

Semantic3D dataset. Different from the above datasets, the
Semantic3D dataset [64] is obtained by scanning different
scenic spots or buildings with LiDAR. It has a larger scene
scale and contains more points in a single point cloud. As
the ground truth normal of the Semantic3D dataset is not
available, we show a visual comparison in Fig. 21. We can
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Fig. 17. Surfaces reconstructed using normals estimated by different methods on the RGB-D Scenes Dataset. The generated surfaces are cropped using the
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Fig. 18. The reconstructed surfaces using normals estimated by different methods on the KITTI dataset. Points are colored by their height values.
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Fig. 19. Visual comparison of the estimated normal vectors (red lines in the first two rows) on the KITTI dataset. In extremely sparse and noisy planar

regions, the parallelism between our estimated normals is better. Points in the third row are colored by their height values.

see that our method reveals the fine details of buildings,
while the baseline methods perform over-smooth in these
complex structure areas. In Fig. 20, we show our estimated
point cloud normals on a large-scale outdoor scene of the
Semantic3D dataset. Since the ground-truth normals are not
available, we map the estimated normal vectors to RGB colors
for visualization and reconstruct the corresponding surface.

The above evaluation results demonstrate that our model
trained with local patches on shape data can generalize well
to real-world LiDAR data.

E. Complexity and Efficiency

We compare the normal estimation methods that use deep
neural networks. As shown in Table V, we report the number
of the learnable network parameters of each method, and the
inference time on the PCPNet dataset using NVIDIA 2080
Ti GPU. Our method has the minimum network parameters
and inference time. Compared with the SOTA method, MSEC-
Net [19], our method has about 20% of its network parameters
and runs about 5.5 times faster.



JOURNAL OF KTEX CLASS FILES, VOL. 18, NO. 9, SEPTEMBER 2020

(@
Fig. 20. Visualization of our estimated normals and reconstructed surface on a point cloud of the Semantic3D dataset. (a) The input LiDAR point cloud of
the real-world outdoor scene. (b) The normal estimation results of our method. The estimated normal vectors are mapped to RGB colors for visualization,
where different colors represent different normal directions [13]. (c) The reconstructed surface using estimated normals.

(b)

()

TABLE VIII
ABLATION STUDIES ON THE PCPNET DATASET. THE DISCUSSION IS PROVIDED IN THE TEXT.
. Per-point Block Block . Noise Densit
Ablation Feature F1 Fo Attention None Low  Medium High Stripe GZadient Average
@) PointNet-like v v v 4.63 8.91 16.11 21.09 5.31 5.14 10.20
DGCNN-like v v v 3.83 8.43 15.78 20.96 4.62 4.36 9.66
w/o weight w v v v 371 8.50 16.05 21.46 4.61 4.36 9.78
(b)  w/ other weight v v v 3.61 8.46 16.01 21.47 4.44 4.28 9.71
wlo F1 v v v 4.18 8.69 16.53 21.93 5.13 491 10.23
© w/o Fa v v v 3.69 8.50 16.05 21.41 4.67 4.55 9.81
Fo — Fi v v v 3.59 8.48 15.78 21.03 4.64 423 9.62
w/ softmax-1 v v v 3.39 8.41 15.62 20.97 4.01 3.96 9.39
@ w/ softmax-2 v v v 341 8.34 15.68 20.97 422 4.06 9.45
w/ simp. concat v v v 3.73 8.33 15.78 21.01 4.57 4.36 9.63
w/ simp. add v v v 3.57 8.35 15.69 20.99 4.20 4.03 9.47
w/ add v v v 3.33 8.36 15.70 20.95 4.11 4.02 9.41
w/o dsin v v v v 3.73 8.45 15.60 20.82 4.49 425 9.56
(e) w/o deuc v v v v 3.66 8.37 16.05 21.33 4.38 4.31 9.68
wlo L5 v v v v 3.67 8.36 15.76 21.05 451 431 9.61
wlo Lr v v v v 441 8.68 15.77 21.00 541 5.16 10.07
N =500 v v v v 3.33 8.26 15.74 21.39 4.17 4.09 9.49
N =600 v v v v 3.39 8.31 15.66 21.11 4.17 4.02 9.44
® N =700 v v v v 3.43 8.29 15.68 21.02 4.13 4.03 9.43
N =900 v v v v 3.45 8.29 15.69 20.94 4.39 3.92 9.45
N =1000 v v v v 3.38 8.37 15.64 20.87 4.18 4.03 9.41
Ours | v v v v [| 3.32 8.34 15.63 2094 | 4.10 392 | 938
TABLE IX into a DGCNN-like structure [65]. The results show that the

NORMAL RMSE ON THE PCPNET DATASET USING VARIOUS PATCH SIZES.

. Ours Ours Ours
AdaFit HSurf-Net CMG-Net MSECNet (N=500) (N=700) (N=1000)
10.76 10.11 9.93 9.76 9.49 9.43 9.41

TABLE X

NORMAL RMSE ON THE PCPNET DATASET USING VARIOUS PATCH SIZES.

Size | AdaFit [14] HSurf-Net [16] CMG-Net [49] MSECNet [19] Ours

800 10.85 10.13 9.93 9.78 9.38
900 10.89 10.23 9.99 9.79 9.36
1000 10.96 10.39 10.04 9.80 9.36

G. Ablation Studies

We provide the ablation results in Table VIII (a)-(f), and
each ablation experiment is discussed as follows.
(a) Per-point feature. The module in Eq. (5) extracts per-
point features from point-wise and local points through a
two-branched structure. If ¢ is removed, it degenerates into
a PointNet-like structure [45]. If ¢ is removed, it degenerates

combination of these two structures is essential.

(b) Block F;. (1) We do not use the learnable distance-based
weight w in both F; and F>. (2) We adopt another weighting
technique used in [66]. (3) We replace each layer P in F
with MLP, i.e., without using J;. The worse results of these
ablations validate the effectiveness of our newly designed layer
and show its key role in the normal estimation pipeline.

(¢) Block F,. We replace each layer P in F, with MLP,
i.e., without using F5, or replace F, with F;. The results
demonstrate that this block is important for improving the
algorithm’s performance.

(d) Cross-scale compensation. (1) We use softmax in this
module to generate attention weights for modulating individual
feature channels (softmax-1) or point channels (softmax-2).
(2) We provide the results by replacing the entire cross-scale
compensation module with the simple operation of concate-
nation or addition of features. Different from the previous
one, we also examine that we only replace 7(-,-) in Eq. (11)
from concat to add. As we can see from the results, the
performance of the algorithm decreases if softmax is used.
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DeepFit

Fig. 21. Visual comparison of normal results on the Semantic3D dataset. We
compare the local details of the building in the first two rows and show our
estimated normals of the building in the third row. The point normal vectors
are mapped to RGB colors.
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Fig. 22. Visualization of weights w and 7. It shows that the model’s focus
changes from central to coplanar with respect to the query point (black) at
different stages. The perspective in the third column is changed for better
visualization.

The simple feature concatenation and addition operations or
replacing 7(-,-) are inadequate for realizing the cross-scale
feature compensation.

(e) Loss. We do not calculate the distances dg;, Or deyc of Ln
in Eq. (13). We also alternately leave the losses £ and L, in
Eq.(15) unused. These ablations all lead to worse results.

(f) Input patch size. We train full models with a series
of patch sizes N = 500, 600, 700,900, 1000. A smaller size
slightly degrades performance. A larger size brings no perfor-
mance improvement but consumes more time and memory. To
analyze the impact of input neighborhood size on algorithm
performance, we provide more quantitative comparison results.
In Table IX, the baseline methods are trained and tested

with their default values, while our method is trained and
tested with different patch sizes. In Table X, all methods
are trained with their default values but tested with different
patch sizes. Our method achieves excellent results even when
training or testing with different patch sizes, while the baseline
methods perform worse than our method under various input
neighborhood sizes.

What does the model focus on? As shown in Fig. 22, we
visualize the learned weights w in Eq. (7) and 7 in Eq. (12).
We can see that the focus of our model changes along the
normal estimation pipeline. The model first focuses on points
closer to the center during the feature aggregation, where
features from large scales are transferred to small scales. Then,
the model focuses on some neighboring points coplanar with
the query during the final normal prediction.

VI. CONCLUSION

In this work, we analyze the effect of patch size on point
cloud normal estimation, and propose a strategy that exploits
the idea of patch feature fitting to approximate optimal fea-
tures for normal estimation. We use multi-scale features from
different patch sizes to build the feature-based polynomial, and
apply cross-scale attention to compensate for the approxima-
tion error. The approximation strategy is implemented using
an effective neural network, which aggregates features from
multiple scales and achieves scale adaptation for varying local
patches, to facilitate the geometric description around a point.
We conduct thorough experiments to compare with baselines
and validate the proposed modules. The main limitation of
our method is that each point in the patch still needs a fixed
neighborhood size to find its neighboring points to extract local
features, which is also relatively time-consuming. Future work
includes exploring more efficient feature extraction techniques
and more application scenarios of our method.
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