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Learning Signed Hyper Surfaces for Oriented
Point Cloud Normal Estimation
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Abstract—We propose a novel method called SHS-Net for point
cloud normal estimation by learning signed hyper surfaces, which
can accurately predict normals with global consistent orientation
from various point clouds. Almost all existing methods estimate ori-
ented normals through a two-stage pipeline, i.e., unoriented normal
estimation and normal orientation, and each step is implemented
by a separate algorithm. However, previous methods are sensitive
to parameter settings, resulting in poor results from point clouds
with noise, density variations and complex geometries. In this work,
we introduce signed hyper surfaces (SHS), which are parameter-
ized by multi-layer perceptron (MLP) layers, to learn to estimate
oriented normals from point clouds in an end-to-end manner. The
signed hyper surfaces are implicitly learned in a high-dimensional
feature space where the local and global information is aggregated.
Specifically, we introduce a patch encoding module and a shape
encoding module to encode a 3D point cloud into a local latent code
and a global latent code, respectively. Then, an attention-weighted
normal prediction module is proposed as a decoder, which takes the
local and global latent codes as input to predict oriented normals.
Experimental results show that our algorithm outperforms the
state-of-the-art methods in both unoriented and oriented normal
estimation.

Index Terms—Hyper surfaces, normal estimation, normal
orientation, point clouds, surface reconstruction.

I. INTRODUCTION

IN COMPUTER vision and graphics, estimating normals for
point clouds is a prerequisite for many techniques. As an
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Fig. 1. We propose SHS-Net to estimate oriented normals directly from point
clouds. In contrast, previous studies usually achieve this process through a two-
stage paradigm using different algorithms, i.e., (1) unoriented normal estimation
(e.g., PCA [9], AdaFit [6] and HSurf-Net [8]) and (2) normal orientation (e.g.,
MST [9], SNO [12] and ODP [15]).

important geometric property of point clouds, normals with
consistent orientation, i.e., oriented normals, clearly reveal
the geometric structures and make significant contributions in
downstream applications, such as rendering and surface recon-
struction [1], [2], [3]. Generally, the estimation of oriented
normals requires a two-stage paradigm (see Fig. 1): (1) the
unoriented normal estimation from the local neighbors of the
query point, (2) the normal orientation to make the normal
directions to be globally consistent, e.g., facing outward of the
surface. While unoriented normals can be estimated by plane or
surface fitting of the local neighborhood, determining whether
the normals are facing outward or inward is ambiguous. In recent
years, many excellent algorithms [4], [5], [6], [7], [8] have been
proposed for unoriented normal estimation, while there are few
methods that have reliable performance for normal orientation
or directly estimating oriented normals. Estimating oriented
normals from point clouds with noise, density variations, and
complex geometries in an end-to-end manner is still a challenge.

The classic normal orientation methods rely on simple greedy
propagation, which selects a seed point as the start and diffuses
its normal orientation to the adjacent points via a minimum
spanning tree (MST) [9]. These methods are limited by error
accumulation, where an incorrect orientation may degenerate all
subsequent steps during the iterative propagation. Furthermore,
they heavily rely on a smooth and clean assumption, which
makes them easily fail in the presence of sharp edges or cor-
ners, density variations and noise. Meanwhile, their accuracy is
sensitive to the neighborhood size of propagation. For example,
a large size is usually used to smooth out outliers and noise,
but can also erroneously include nearby surfaces. Considering
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that local information is usually not sufficient to guarantee
robust orientation, some improved methods [10], [11], [12],
[13], [14], [15] try to formulate the propagation process as a
global energy optimization by introducing various constraints.
Since their constraints are mainly derived from local consistency,
the defects are inevitably inherited, and they also suffer from
cumulative errors. Moreover, their data-specific parameters are
difficult to generalize to new input types and topologies.

Different from the propagation-based methods, which only
consider the adjacent normal orientation, the volume-based
approaches exploit volumetric representation, such as signed
distance functions [16], [17] and variational formulations [18],
[19], [20]. They aim to divide the space into interior/exterior
and determine whether point normals are facing inward or
outward. Despite improvements in accuracy and robustness,
these methods cannot scale to large point clouds due to their
computational complexity. In general, propagation-based meth-
ods have difficulty with sharp features, while volume-based
methods have difficulty with open surfaces. Furthermore, the
above-mentioned methods are usually complex and require a
two-stage operation, their performance heavily depends on the
parameter tuning in each separated stage. Recently, several
learning-based methods [21], [22], [23] have been proposed to
deliver oriented normals from point clouds and have exhibited
promising performance. Since they focus on learning an accurate
local feature descriptor and do not fully explore the relationship
between the surface’s normal orientation and the underlying
surface, their performance cannot be guaranteed across different
noise levels and geometric structures.

In this work, we propose to estimate oriented normals from
point clouds by implicitly learning signed hyper surfaces, which
are represented by MLP layers to interpret the geometric prop-
erty in a high-dimensional feature space. We learn this new
geometry representation from both local and global shape prop-
erties to directly estimate normals with consistent orientation in
an end-to-end manner. The insight of our method is that deter-
mining a globally consistent normal orientation should require
a global context to eliminate the orientation ambiguity in local
regions since orientation should be related to the global structure.
We evaluate our method by conducting a series of qualitative and
quantitative experiments on a range of point clouds with different
sampling densities, noise levels, and thin and sharp structures.
We reported our original method in [24] and extended our
method with unoriented normal estimation, unoriented normal
orientation, more applications, and experimental results.

Our main contributions can be summarized as follows.
� We introduce a new technique to represent point cloud

geometric properties as signed hyper surfaces in a high-
dimensional feature space.

� 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.

� We also show that the modules we designed can be used to
build a novel highly efficient pipeline with fewer param-
eters to estimate accurate unoriented normals, which can
be combined with oriented normals to further improve our
performance by using a new normal orientation strategy.

� 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.

� We apply our method to downstream applications, such
as surface reconstruction and point cloud filtering, and
show that our estimated normals can effectively improve
their performance. We also provide more analysis of the
algorithm and experimental results on real-world indoor
datasets based on the conference version.

II. RELATED WORK

A. Unoriented Normal Estimation

Traditional Methods: Over the past few decades, many algo-
rithms have been proposed for point cloud normal estimation,
such as the classic Principle Component Analysis (PCA) [9] and
its improvements [25], [26], [27], [28], [29]. Generally, accord-
ing to Singular Value Decomposition (SVD) [30], the covariance
matrix of a local patch is decomposed and the eigenvector with
the smallest eigenvalue is perpendicular to the plane defined
by the patch. Thanks to its simplicity and efficiency, PCA is
widely used in various point cloud processing tasks. However, it
is always difficult to determine the data-specific parameter, e.g.,
patch size, which is crucial to the accuracy of estimation. To find
an optimal size for different data, Mitra et al. [27] propose to
costly investigate the effect of local curvature and point density
of the underlying surface. Later, some works introduce Hough
transform [31] and Voronoi-based paradigms [20], [32], [33],
[34] to improve the robustness of normal estimation and deal
with sharp features. Furthermore, the pattern description of local
patches is not limited to planes, various complex surfaces [35],
[36], [37], [38], [39] are adopted to more accurately fit the
surface represented by the point cloud, such as moving least
squares [35], truncated Taylor expansion (n-jet fitting) [36]
and spherical surface fitting [37]. These traditional methods are
usually sensitive to noise and various data types, and have limited
accuracy even with heavy fine-tuned parameters.

Learning-based Methods: More recently, learning-based
methods have been proposed to improve performance in this area
and can be mainly divided into two categories: regression-based
and surface fitting-based.

(1) Regression-based methods: The regression-based meth-
ods try to directly predict normals from structured data [40], [41],
[42] or raw point clouds [8], [21], [22], [43], [44], [45], [46],
[47] in a data-driven manner. For example, HoughCNN [40]
uses the Hough transform to convert 3D points into 2D grid
representations, and then trains a simple neural network to select
a normal from a Hough image-accumulator. PCPNet [21] is
regarded as the prior work that adopts the PointNet architec-
ture [48] to extract patch features and predict point normals
and curvatures. Based on PCPNet, Zhou et al. [43] introduce a
local plane constraint and a multi-scale neighborhood selection
strategy. Nesti-Net [44] aims to learn a multi-scale feature vector,
and tries to costly find the optimal neighborhood scale for each
point. HSurf-Net [8] achieves good performance by learning
hyper surfaces from local patches, but the learned surfaces have
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no sign and cannot determine the normal orientation. NeAF [47]
selects normals from randomly sampled vectors by predicting
the angular offset of the query vector. MSECNet [49] improves
normal estimation in areas with drastic normal changes by
introducing edge detection technology. CMG-Net [50] proposes
a metric of Chamfer Normal Distance to address the issue of
normal direction inconsistency in noisy point clouds.

(2) Surface fitting-based methods: The surface fitting-based
methods integrate the traditional surface fitting techniques, such
as plane fitting [4], [51] and jet fitting [5], [6], [7], [52], [53],
[54], into the end of the learning pipeline. They usually carefully
design a network to predict pointwise weights, and then use a
weighted surface formulation to solve the normal of the fitted
surface. For example, Lenssen et al. [4] propose to iteratively
refine a weighted least squares plane fitting by introducing an
adaptive anisotropic kernel. MTRNet [51] aims to fit a latent
tangent plane by designing a differentiable RANSAC-like mod-
ule. DeepFit [5], AdaFit [6], GraphFit [7], Zhang et al. [53],
Zhou et al. [52] and Du et al. [54] predict pointwise weights of
local neighborhoods through a PointNet or graph convolutional
network, and then apply a weighted polynomial surface fitting to
calculate the surface normal. The unoriented normals estimated
by the above-mentioned methods randomly face both sides of
the surface and cannot be used in many downstream applications
without normal orientation.

B. Consistent Normal Orientation

To make the unoriented normals have globally consistent
orientations, early approaches mainly focus on local consistency
and use the orientation propagation strategy upon a minimum
spanning tree (MST) to let the adjacent points have the same
orientations, such as the pioneering work of [9] and its improved
methods [10], [11], [12], [13], [14], [55]. These methods have
many limitations in real applications as we introduced earlier.
Typical examples are that noisy and sharp features may lead to
incorrect orientation propagation, and local errors will spread to
larger regions and eventually result in severe performance degra-
dation. In addition, the orientation step cannot correct the wrong
directions of the initial unoriented normal (e.g., orthogonal to
the true normal). Wang et al. [11] present a variational model that
makes normals perpendicular to and consistent along the shape
surface by minimizing a combination of the Dirichlet energy
and the coupled-orthogonality deviation. Their method requires
parameter fine-tuning for complex features and may fail on
data with outliers. Schertler et al. [12] formulate the orientation
process as a graph-based energy minimization problem, which
is solved by improved quadratic pseudo-Boolean optimiza-
tion [56]. However, the accuracy of their orientation depends
heavily on the chosen normal flipping criterion. Jakob et al. [14]
perform a graph-based energy optimization on the GPU for the
entire point cloud. It uses a parallel greedy solver to achieve
faster speed than previous works. Although the above works pro-
pose different improved flip criteria or formulate orientation as
various global optimization problems to reduce the failure rate of
orientation inversion, it is still difficult to guarantee robustness to
different inputs. ODP [15] aims to achieve global consistency by

introducing a dipole propagation strategy across the partitioned
patches, but its robustness may suffer from the patch partition of
nearby gaps or nested structures. GCNO [57] proposes to charac-
terize the requirements of an acceptable winding-number field.
The oriented normals are found by utilizing these requirements
to ensure global consistency and relying on the Voronoi diagram
to estimate normals. However, its optimization is extremely
time-consuming for a large number of points since it needs
to repeatedly evaluate the winding number of each data point
and each query point. NGLO [58] first predicts coarse normals
with global consistency from the whole point cloud by learning
implicit functions, and then refines the normals based on local
information to improve their accuracy. In contrast, some other
approaches [21], [22], [23] explore to gather information of
different scales and directly predict oriented normals through
end-to-end deep networks. These methods focus on learning a
general mapping from point clouds to normals and neglect the
underlying surface distribution for normal orientation, leading
to a sub-optimal solution. In conclusion, the global orientation
of point cloud normals is still an open problem with much room
for improvement.

The task of implicit unoriented reconstruction, i.e., recon-
structing surfaces from point clouds without normals, is also
closely related to normal orientation, where the orientation and
the reconstruction are bridged in implicit space [59]. Specifi-
cally, some approaches propose to solve the consistent normal
orientation through volumetric representation. They are usually
developed for reconstructing surfaces from unoriented points
by various techniques, such as signed distance functions [16],
[17], variational formulations [18], [19], [20], visibility [60],
[61] and active contours [62]. Xiao et al. [59] propose to
incorporate isovalue constraints to the Poisson equation, and
optimize implicit functions and point normals simultaneously.
iPSR [63] runs Poisson reconstruction in an iterative manner
and updates normals using the generated surface of the last
iteration. PGR [64] takes the point normal and surface element in
the Gauss formula as unknown parameters, and then optimizes
the parametric function space. In addition to the traditional
methods mentioned above, some other works [65], [66], [67],
[68], [69] use deep neural networks to learn implicit surfaces
directly from raw point clouds without using training labels.
We know that the gradient determines the direction of function
convergence, and the gradient of the iso-surface can be used
as the normal of the surface. Some methods add normals to
constraints during optimization to assist surface reconstruction.
For example, SAP [70] proposes a differentiable Poisson solver
to represent shape surfaces as oriented point clouds, and the
point positions and normals are updated during the optimization
of surface. Neural-Pull [67] predicts the signed distance field
to move a point along or against the gradient for finding its
nearest path to the surface, and its gradient is equivalent to
normal. IGR [66] proposes an implicit geometric regularization
to encourage unit norm gradients and favor a smooth zero-level
set of an implicit function. Experimental results show that these
methods have limited ability to deal with noise. If the gradient
is properly guided, the convergence can be robust and efficient,
avoiding local extremum caused by noise or outliers. To handle
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different types of data, effective gradient constraints need to be
further explored.

III. PRELIMINARY

In mathematics, an explicit representation in euclidean space
expresses the z coordinate of a point p in terms of the x and
y, i.e., z=f(x, y). Such a surface is called an explicit surface,
also called a height field. Another symmetric representation is
F (x, y, z)=0, where F implicitly defines a locus called an im-
plicit surface, also called a scalar field [71]. The implicit surface
is a zero iso-surface of F , i.e., the point set {p � R3 : F (p)=0}
is a surface implicitly defined by F . Sampling points from an
implicit surface is difficult, but the relationship between points
and surfaces can be easily determined. On the contrary, it is
easy to sample points from an explicit surface, but it is difficult
to determine the relationship between the points and the surface.
The explicit surface is usually used in surface fitting-based
normal estimation, such as jet fitting [36], while the implicit
surface is widely used in surface reconstruction. Generally, an
explicit surface, i.e., z=f(x, y), can always be rewritten as
an implicit surface, i.e., F (x, y, z)=z � f(x, y)=0. These two
surface representations have the same tangent plane at a given
point, where the normal is defined.

Explicit Surface Fitting: We employ the widely used n-jet
surface model [36] to briefly review the explicit surface fitting
for normal estimation. It represents the surface by a polynomial
function Jn : R2�R, which maps a coordinate (x, y) to its
height z that is not in the tangent space by

z .= J�,n(x, y) =
n�

k=0

k�

j=0

�k�j,jxk�jyj , (1)

where� is the coefficient vector that defines the surface function.
In order to find the optimal solution, the least squares approx-
imation strategy is usually adopted to minimize the sum of the
square errors between the (ground truth) height and the jet value
over a point set {pi}Ni=1,

J�
�,n = argmin

�

N�

i=1

�zi � J�,n(xi, yi)�2. (2)

If �=(�0,0, �1,0, �0,1, . . . , �0,n) is solved, then the normal at
point p on the fitted surface is computed by

np = h(�) = (��1,0,��0,1, 1)/
�

1 + �2
1,0 + �2

0,1. (3)

Implicit Surface Learning: In recent years, many learning-based
approaches have been proposed to represent surfaces by im-
plicit functions, such as signed distance function (SDF) [72]
and occupancy function [73]. The signed (or oriented) distance
function is the shortest distance of a given point p=(x0, y0, z0)
to the closest surface S in a metric space, with the sign de-
termined by whether the point is inside (F (p) < 0) or outside
(F (p) > 0) of the surface. The underlying surface is implicitly
represented by the iso-surface of F (p)=0. In the surface re-
construction task, a deep network is usually adopted to encode
a 3D shape into a latent code, which is fed into a decoder
together with query points to predict signed distances. If an

implicit surface function is continuous and differentiable, the
formula of tangent plane at a regular pointp (gradient is non-null)
isFx(p)(x� x0) + Fy(p)(y � y0) + Fz(p)(z � z0)=0 and its
normal (i.e., perpendicular) is np =�F (p)/��F (p)�.

IV. METHOD

As shown in Fig. 2, we propose to implicitly learn signed hy-
per surfaces in the feature space for estimating oriented normals.
In the following sections, we first introduce the representation
of signed hyper surfaces by combining the characteristics of the
above two surface representations. Then, we design an attention-
weighted normal prediction module to solve the oriented nor-
mals of query points from signed hyper surfaces. Finally, we
introduce how to learn this new surface representation from
patch encoding and shape encoding using our designed loss
functions.

A. Signed Hyper Surface

Similar to the learning of implicit surface, the signed hyper
surface is implicitly learned by taking the latent encodings of
point clouds as inputs and outputting an approximation of the
surface in feature space,

fS(�) � E�(�|z1, z2), z1 = e�(P 1
�), z2 = e�(P 2

�), (4)

where E is implemented by a neural network with parameter �
that is conditioned on two latent vectors z1, z2�Rc, which are
extracted from point clouds by encoders e� and e� , respectively.
P 1

� and P 2
� are subsample sets of the raw point cloud P , e.g.,

point patches around a given point �.
Similar to existing unoriented normal estimation methods [5],

[6], [8], [21], we use a local patch pq to capture the local
geometry for accurately describing the surface pattern around
a query point q,

fn
p (q) = En

� (q|zn
q ), zn

q = e�(pq). (5)

Since the interior/exterior of a surface cannot be determined
reliably from a local patch, we take a global subsample set P q
from the point cloud P to provide additional information to
estimate the sign at point q,

fs
P (q) = sgn (gs(q)) = sgn

�
Es
� (q|zsq)

�
, zsq = e�(P q), (6)

where sgn(•) is signum function, gs(q) denotes logit of the
probability that q has a positive sign. Thus, the signed hyper
surface function at point q is formulated as

fS(q) = fn
p (q) • fs

P (q) = En,s
� (q|zn

q , z
s
q). (7)

Different from the surface reconstruction task that learns SDF
by representing a surface as the zero-set of the SDF, we do not
learn a distance field of points with respect to the underlying
surface.

B. Oriented Normal Estimation

To simplify notations, we denote En,s
� (q|zn

q , zsq) as S�(X ,Y),
where zn

q =X �Rc and zsq =Y�Rc are high dimensional latent
vectors. According to the explicit surface fitting, we formulate
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Fig. 2. The learning pipeline of the signed hyper surfaces for oriented normal estimation. It consists of two parallel branches, i.e., patch encoding and shape
encoding, which have similar network architectures (see Fig. 3), to extract local and global latent codes, respectively. In both branches, the number of point clouds
is downsampled relative to the query point q. Finally, an embedding of the signed hyper surface is used to regress the oriented normal of the query point, which
points to the outside of the shape surface.

the signed hyper surface S� : R2c�Rc as a feature-based poly-
nomial function [8]

S�,µ(X ,Y) =
µ�

k=0

k�

j=0

�k�j,j xk�jyj = � [X : Y], (8)

where [ : ] means the feature fusion through concatenation, µ
denotes the number of fused items.

Similar to (2), the bivariate function S�,µ(X ,Y) aims to
map a feature pair (Xi,Yi) to their ground truth value Zi =
Ŝ(Xi,Yi) � Rc in the feature space, i.e.,

S�
�,µ = argmin

�,µ

N�

i=1

�Zi � S�,µ(Xi,Yi)�2. (9)

To solve the oriented normal �n from signed hyper surfaces, we
introduce a normal prediction module H(•), thus

S�
�,µ = argmin

�,µ

N�

i=1

�H(Zi) �H(S�,µ(Xi,Yi))�2. (10)

Finally, the oriented normal is optimized by

S�
�,µ = argmin

�,µ

N�

i=1

��̂ni � �ni�2. (11)

Attention-weighted Normal Prediction H(•) :Rc�R4: As
shown in Fig. 4, we use an attention mechanism to recover the
oriented normal �nq of the query point q from c-dimensional
fused surface embedding zq ,

(ṅq, s)=O
�
V(oq) � MAX

�
softmaxNq

�
Qj(oq)mj=1

���
,

(12)
where oq =� • zq, � =sigmoid(I(zq)). O,V,Q and I are
MLPs. m=64 is the feature dimension size. First, a multi-head
strategy is adopted to deliver m relative weights Qj(oq), which
are normalized by softmax over neighbors Nq into positive
interpolation weights. Then, the feature maxpooling MAX{•}
is performed to produce attention weights for each point. Mean-
while, the feature embedding oq is refined through another
branch V and modulated as the weighted sum through matrix
multiplication. Finally, the normal and its sign (i.e., orientation)

Fig. 3. Feature encoding network in patch and shape encoding. F is the latent
code extraction layer. Black dots indicate the repetition of blocks (dashed box).

�nq =(nq�R3, s�R) is predicted as a 4D vector by O, and
nq = ṅq/�ṅq�.

C. Feature Encoding

Patch Encoding: Given a neighborhood point patch pq of
the query point q, our local latent code extraction layer F is
formulated as

żn
i =A

�
B

�
MAX

�
C(wj • zn

j )
�Nl

j=1

	
, zn

i

	
, (13)

where i=1, . . . , Nl+1, l is the neighborhood scale index and
Nl+1 �Nl. zn

i =D(pi), pi�pq is the per-point feature in the
patch. A,B, C and D are MLPs. MAX{•} denotes the feature
maxpooling over Nl-nearest neighbors of the query point q. w
is a distance-based weight given by

wj =
�j
N
i=1 �i

, �i = sigmoid (�1 � �2||pi � q||2) , (14)

where �1 and �2 are learnable parameters with an initial value of
1.0. We use the weightw to make the layer focus on the points pi
that are closer to the query point q in areas where the geometry
changes drastically, thereby improving the robustness of feature
encoding. As shown in Fig. 3, we stack two layers F to form a
block, which is further stacked to build our patch feature encoder
e�.

Shape Encoding: Since the global subsample set P q

= {pi}NP
i=1 can be seen as a patch with points distributed globally

on the shape surface, we adopt a similar network architecture
with the patch feature encoder to get the global latent code zsq .
To obtain P q, we use a probability-based sampling strategy [74],
which brings more points closer to the query point q. It samples
points according to a density gradient that decreases with in-
creasing distance from the point q. Moreover, we find that adding

Authorized licensed use limited to: Tsinghua University. Downloaded on November 10,2024 at 02:34:36 UTC from IEEE Xplore.  Restrictions apply. 



9962 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 46, NO. 12, DECEMBER 2024

Fig. 4. Attention-weighted normal prediction module H(•). After we obtain
the surface embedding zq from the fused local and global latent code [zn

q : zs
q ],

we can predict the normal nq of the query point q and the sign s to determine
its orientation.

some points from uniform sampling can bring better results in
structures with different densities and concavities. Then, the
gradient of a point is calculated by

	(pi) =

�
�




�
1 � 1.5 �pi�q�2

maxpj�P �pj�q�2

�1

0.05
;

1 if i � R,
(15)

where [•]10.05 indicates value clamping. R is a random sample
index set of P with NP /1.5 items. Finally, the sampling prob-
ability of a point pi�P is 
(pi)=	(pi)/



pj�P 	(pj).

Feature Fusion: In order to allow each point in the local patch
to have global information and determine the normal orientation,
we first use the maxpooling and repetition operation to make
the output global latent code has the same dimension as the
local latent code. Then, the two kinds of codes are fused by
concatenation, i.e., [zn

q : zsq ] in (8).

D. Loss Functions

For the query point q, we constrain its unoriented normal and
normal sign (i.e., orientation), respectively. To learn an accurate
unoriented normal, we employ the ground truth n̂q to calculate
a normal vector sin loss [5]

Lsin = �nq × n̂q�. (16)

For the normal orientation, we adopt the binary cross entropy
H [74] to calculate a sign classification loss

Lsgn = H (� (gs(q)) , [fS(q) > 0]) , (17)

where � is a logistic function that converts the sign logits to
probabilities. [fS(q) > 0] is 1 if the estimated normal faces the
outward of surface S and 0 otherwise. Our method achieves a
significant performance boost by dividing the oriented normal
estimation into unoriented normal regression and its sign clas-
sification, instead of directly regressing the oriented normals of
query points (see ablations in Section V-E).

To facilitate the local feature learning and make the model
also pay attention to the orientation consistency of neighboring
points pi�pq , we compute a weighted mean square error (MSE)

Lmse =
1
N

N�

i=1

�i��ni � �̂ni�2, (18)

where the neighborhood point normals �n=�(zq) are predicted
from the surface embedding zq by an MLP layer � : Rc�R3.
Moreover, we add a loss term according to coplanarity [53] to
facilitate the learning of � in (12),

L� =
1
N

N�

i=1

(�i � �̂i)2, �̂i = exp
�
�

(pi • n̂q)2


2

�
, (19)

where 
=max(0.0025, 0.3

N

i=1(pi • n̂q)2/N). In summary,
our final training loss for oriented normal estimation is

L = �1Lsin + �2Lsgn + �3Lmse + �4L� , (20)

where �1 =0.1, �2 =0.1, �3 =0.5 and �4 =1.0 are weighting
factors that are first set empirically and then fine-tuned based on
experiments.

E. Unoriented Normal Estimation

In the previous sections, we introduce to estimate oriented
normals by implicitly learning signed hyper surfaces in the fea-
ture space. The network model extracts local and global feature
representations through patch and shape encoding respectively,
and the global features from shape encoding help determine the
normal orientation. In this section, we show that the modules we
designed in the patch encoding can be reorganized to estimate
unoriented normals, and their orientations are solved in the next
section.

To estimate unoriented normals, i.e., the local property of
point clouds, whose orientations are not guaranteed to be glob-
ally consistent, the global information from shape encoding is
not needed. Thus, we build an unoriented normal estimation
pipeline by using the local latent code extraction layerF in (13).
The input of this new network pipeline is the local point cloud
patch and its output is the unoriented normal of the query point.
The layer F is stacked recursively, enabling the network model
to learn increasingly rich representations of the point cloud
patch. For that, the features X from two layers are aggregated
by add operation and passed to the next layer, i.e.,

Xk+1 = [Xk]Nk+1 + F2(Xk), Xk = F1(Xk�1), (21)

where [•]Nk+1 denotes the neighborhood scale of sizeNk+1 with
respect to query point. By continuously reducing the number
of k-nearest neighbors of the query point, our layers extract
features from different scales of the query point in order from
large to small. With the recursive utilization of our layers, the
large scales of earlier layers give more robust information about
the underlying geometries, while the small scales of the latter
layers lead to a more accurate description of the local details. In
this manner, the features from different scales of the local patch
around a query point are fused to obtain its optimal geometric
description.

After obtaining the final output feature Xo with No neighbor-
ing points in the patch, the unnormalized normal nq of the query
point is predicted by a weighted maxpooling of its neighboring
features xi�Xo, that is

nq = O (MAX{wi • �i • xi|i=1, . . . , No}) , (22)
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where �i =sigmoid(I(xi)) is the point weight. O and I are
MLPs. Furthermore, the neighboring point normals ni are pre-
dicted from Xo by another MLP.

Training Loss: To constrain the predicted normal of the query
point, we calculate the sin distance dsin and squared euclidean
distance deuc between the predicted normal n and the ground
truth normal n̂, i.e.,

Lq = �n × n̂� + min
�
�n � n̂�2, �n + n̂�2�

. (23)

Meanwhile, we calculate a weighted neighborhood consistency
loss based on the ground truth normals n̂i of neighboring points,
then we have

Lcon =
1
No

No�

i=1

�i
�
�ni × n̂i�+min

�
|ni � n̂i|2, |ni + n̂i|2

��
.

(24)
Thus, we obtain the loss Lq for query point normal nq and the
mean loss Lcon for neighboring point normals ni. The distance-
based weight w in (14) and the loss function of � in (19) are also
adopted in this section.

In summary, the final training loss function for unoriented
normal estimation is given by

L = �1Lq + �2Lcon + �3L� , (25)

where the weighting factors are set to �1 =0.1, �2 =0.4 and
�3 =1.0. We first select their initial values empirically and then
fine-tune the parameters experimentally.

F. Unoriented Normal Orientation

Another issue is that the global consistency of the estimated
unoriented normals in Section IV-E cannot be guaranteed since
they are obtained by regression from local features only. We
know that unoriented normal is a local property of the point
cloud, while oriented normal estimation requires additional
information to determine its orientation. Thus, the unoriented
normal estimation in Section IV-E solely uses the local infor-
mation, and the oriented normal estimation in Section IV-B
further incorporates global information to learn signed hyper
surfaces to predict the normal and its sign. Here we show that
we can tune the orientation of unoriented normal n to achieve
its consistent direction by using the oriented normal result �n
as the reference. For this, we introduce a normal orientation
strategy to transfer the normal sign of oriented normal to the
unoriented normal and re-orientate its direction. Different from
the local orientation propagation using MST [9], our strategy is
based on the angle distance between the corresponding oriented
and unoriented normal vectors at the same point, and the new
oriented normal �n	 is obtained by

�n	 =
�

n, if n • �n > 0;
�n, if n • �n < 0, (26)

where the reference normal �n can be the oriented normal esti-
mated in this work or obtained through other methods. We will
experimentally show that we can employ the unoriented normals
to further improve the accuracy of oriented normal estimation
results.

V. EXPERIMENTS

Implementation: We only train our network model on the
PCPNet shape dataset [21], which provides the ground truth
normals with consistent orientation (outward of the surface). We
follow the same train/test data split and data processing as in [5],
[6], [8], [21]. For patch encoding, we randomly select a query
point from the shape point cloud and search its 700 neighbors to
form a patch. For shape encoding, we sampleNP = 1200 points
from the shape point cloud according to the sampling probability.
The Adam optimizer is adopted with an initial learning rate of
9 × 10�4 which is decayed to 1/5 of the latest value at epochs
{400, 600, 800}. The model is trained on an NVIDIA 2080 Ti
GPU with a batch size of 145 and epochs of 800.

FamousShape Dataset: Due to the lack of relevant datasets
and the relatively simple test shapes of the PCPNet dataset [21],
we further collect shapes with complex structures from other
public datasets, such as the Famous dataset [74] and the Stan-
ford 3D Scanning Repository [75]. We sample 100 K points
from each shape and 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
non-uniform sampling (stripe and gradient). The ground truths
of oriented normals are extracted from mesh data and used for
evaluation. We call this dataset FamousShape, and it is available
along with our code. In the supplementary material, we visualize
the point cloud shapes of the FamousShape dataset, which has
more complex geometries than the PCPNet dataset.

Evaluation Metrics: We adopt the same evaluation metrics
as in [5], [6], [8], [21] to evaluate the estimated normals.
More specifically, Root Mean Squared Error (RMSE) measures
normal angles between the ground truth normals n̂ and the
predicted normals n, while the curve of Percentage of Good
Point (PGP) shows the overall quality of results by counting
points whose normal errors are less than the given thresholds.
They are computed by

RMSE =
�

1
N

�N

i=1
(arccos(�))2 , (27)

PGP(�) =
1
N

N�

i=1

I (arccos(�) < �) , (28)

whereN is the number of evaluated normals in a point cloud.� is
the angle cosine of two vectors, and �unoriented = |n̂i 
 ni| and
�oriented = n̂i 
 ni are used in unoriented and oriented normal
evaluation, respectively. | • | represents the absolute value of the
inner product 
 of two normal vectors. Therefore, the normal
angle error RMSEunoriented is bounded between 0� and 90�
in unoriented normal evaluation, and RMSEoriented is bounded
between 0� and 180� in oriented normal evaluation. I represents
an indicator function that measures whether the error is less than
a given threshold � . The ground truth normals in the benchmark
datasets face outward of the shape surface. For the baseline
methods, we flip their estimated normals if more than half of
the normals face inward during oriented normal evaluation.

In the following experiments, we use ’Ours’ to denote the
result of our oriented normals, ’Ours-U’ to denote the result
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TABLE I
UNORIENTED NORMAL EVALUATION ON DATASETS PCPNET AND FAMOUSSHAPE

TABLE II
COMPARISON OF UNORIENTED NORMAL PGP(20�) ON THE DATASETS PCPNET

AND FAMOUSSHAPE UNDER THE HIGHEST NOISE

of our unoriented normals, ’Ours-U+O’ to denote the result of
our unoriented normals being re-orientated by our oriented nor-
mal, and ’Ours-U+NGL’ to denote the result of our unoriented
normals being re-orientated using the NGL module [58].

A. Unoriented Normal Comparison

We use our estimation results of oriented and unoriented
normal to compare with baseline methods that are designed for
estimating unoriented normals, such as the traditional methods
PCA [9] and Jet [36], the learning-based surface fitting methods
DeepFit [5], AdaFit [6] and GraphFit [7], and the learning-based
regression methods PCPNet [21], Nesti-Net [44] and HSurf-
Net [8]. As shown in Table I, we report quantitative comparison
results with the baselines in terms of normal angle RMSE
on two datasets, PCPNet and FamousShape. On the PCPNet
dataset, our method achieves the best performance under almost
all noise levels and density variations. On our FamousShape
dataset, our method achieves the best performance under most
metrics and has the lowest average RMSE result. In Fig. 5,
we provide visual comparisons of the unoriented normal error
of various methods, and the results show that our method can
handle complex geometries better. In Table II, we use the metric
of PGP(20�) to quantitatively evaluate the accuracy of normal
results, i.e., the percentage of points whose normal errors are

Fig. 5. Visual comparison of unoriented normal errors on a point cloud with
complex geometry. The normal RMSE is mapped to a heatmap (0� � 40�). We
provide the average RMSE over shape for each method.

less than 20�. The evaluation results show that our method can
obtain accurate normals for more points than baseline methods.

Evaluation on Scene Point Clouds: To evaluate the generaliza-
tion ability of our method, we use the network models (including
models for oriented and unoriented normal estimation) trained
on the PCPNet shape dataset to test on real-scanned scene data of
datasets SceneNN [76] and ScanNet [77]. For these two indoor
scene datasets, we only report the quantitative evaluation results
for unoriented normals, rather than oriented normals, because
it is ambiguous to judge the internal or external orientation
of normals of objects and walls inside a room. Unless these
objects and walls are segmented very precisely, which is not
easy to achieve. The ground truth normal is obtained from the
provided mesh data. In Table III, we provide the evaluation
results of unoriented normals on these two datasets, and our
method achieves significant improvements compared to baseline
methods. In Figs. 6 and 7, we provide visual comparisons of the
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TABLE III
UNORIENTED NORMAL RMSE ON THE DATASETS SCENENN AND SCANNET

Fig. 6. Visual comparison of unoriented normal errors on the SceneNN dataset.
The normal RMSE is mapped to a heatmap (0� � 16�). We provide the average
RMSE of each method over the entire point cloud.

unoriented normal error on some indoor room scenes of datasets,
SceneNN and ScanNet, respectively. These comparison results
demonstrate the good generalization ability and outstanding
performance of our method. In the supplementary material, we
provide more visual comparisons of the unoriented normal error
on real-scanned indoor scenes.

B. Oriented Normal Comparison

We compare our approach for oriented normal estimation with
various baseline methods, such as PCPNet [21], DPGO [23]
and NGLO [58]. The trained model of PCPNet is available. The
source code of DPGO is uncompleted and its results on the PCP-
Net dataset are taken from its paper. In addition, we choose three
unoriented normal estimation methods (PCA [9], AdaFit [6] and
HSurf-Net [8]) and three normal orientation methods (MST [9],
SNO [12] and ODP [15]), and make different combinations

Fig. 7. Visual comparison of unoriented normal errors on the ScanNet dataset.
The normal RMSE is mapped to a heatmap (0� � 16�). We provide the average
RMSE of each method over the entire point cloud.

of them to form two-stage pipelines for estimating oriented
normals, such as PCA+MST and HSurf-Net+ODP. Among the
baselines, PCA is a widely used traditional method, AdaFit is
a representative surface fitting-based method, and HSurf-Net is
a regression-based method and has the state-of-the-art perfor-
mance for unoriented normal estimation. We use the original
implementation of SNO and ODP, and the implementation of
MST in [78]. In Table IV, we show the quantitative comparison
results on datasets PCPNet and FamousShape. We can see that
our method provides the most accurate normals under almost
all noise levels and density variations for both datasets, and
achieves huge performance gains in terms of average results
compared to all baselines. From the experimental results, we
find that the propagation-based normal orientation methods have
significantly varied results when dealing with unoriented normal
inputs from different estimation methods, such as PCA+MST
and AdaFit+MST. The overall error distributions of various
methods on datasets PCPNet and FamousShape are illustrated
in Fig. 8, and our method achieves excellent performance at
different thresholds. A visual comparison result of the normal
errors on a point cloud with sharp corners is shown in Fig. 9,
which shows the superior capability of our method. As shown in
Fig. 10, we provide an example of a point cloud sampled from a
thin sheet. It has two planes that are very close together, which
can easily affect the accuracy of the unoriented normal and the
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