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Abstract

Feature lines play a pivotal role in the reconstruc-
tion of CAD models. Currently, there is a lack of a ro-
bust explicit reconstruction algorithm capable of achiev-
ing sharp feature reconstruction in point clouds with
noise and non-uniformity. In this paper, we propose a
feature-preserving CAD model surface reconstruction
algorithm, named FACE. The algorithm initiates with
preprocessing the point cloud through denoising and re-
sampling steps, resulting in a high-quality point cloud
that is devoid of noise and uniformly distributed. Then,
it employs discrete optimal transport to detect feature
regions and subsequently generates dense points along
potential feature lines to enhance features. Finally, the
advancing-front surface reconstruction method, based
on normal vector directions, is applied to reconstruct the
enhanced point cloud. Extensive experiments demon-
strate that, for contaminated point clouds, this algo-
rithm excels not only in reconstructing straight edges
and corner points but also in handling curved edges and
surfaces, surpassing existing methods.
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1. Introduction

The technique of CAD surface reconstruction finds
widespread application in various industries, including me-
chanical, electronic, architectural, and aerospace. Its pri-
mary objective is to transform point clouds obtained from
CAD models into triangular meshes. These models typi-
cally exhibit distinctive geometric features, such as corners,
edges, and sharp details, which require careful preservation
during reconstruction.

However, several factors, such as instrument precision,
lighting variations, occlusions, and human errors, introduce
noise, outliers, data missing, and uneven point cloud dis-
tribution into the acquired data. Consequently, achieving
high-quality results while preserving these sharp features
proves challenging when attempting to perform surface re-
construction directly on the raw point cloud data.

In prior research, efforts to faithfully replicate model
geometry have primarily revolved around two core as-
pects: point cloud processing and reconstruction. The key
to achieving reconstruction results that preserve geometric
features lies in having high-quality input point clouds. Raw
input point clouds tend to be sparse, typically containing
only a few points situated along the edges of geometric fea-
tures. Some existing techniques [18, 39, 29, 28, 23] attempt
to enhance these features by increasing point density in edge
regions. However, they often fall short of clearly defining
feature lines due to imprecise or insufficient point additions.

In the reconstruction phase, the effective utilization of
feature lines proves paramount. Traditional reconstruc-
tion methods fall into two categories: implicit and ex-
plicit. Implicit methods [11, 4, 3] represent surfaces us-
ing implicit functions and then construct results using iso-
surfaces. While robust against noise, they struggle to pre-
serve sharp features. Explicit methods [37, 40], conversely,
explicitly connect scattered input points following specific
rules. Although they can recover geometric structures, they
are sensitive to noise and require a minimum point density
to reconstruct sharp features along feature edges.

Hence, the prevailing approach for feature-preserving re-
construction involves using processed point clouds. While
some improved methods [36, 14] prioritize connecting
points within feature regions, they still encounter challenges
when reconstructing intricate structural areas, leading to
certain deficiencies in the final outcomes.

In this paper, we propose a novel approach for feature-
preserving CAD model surface reconstruction, named
FACE, which consists of two parts: point cloud consolida-
tion and surface reconstruction. Initially, we preprocess the
point cloud to obtain a clean and uniformly resampled ver-
sion, effectively removing noise. Subsequently, we employ
discrete optimal transport to identify feature regions within
the point cloud. We then update point normals and posi-
tions within these regions using information from neighbor-
ing points, generating new points to increase point density
along feature lines. Finally, we apply an advancing-front
surface reconstruction method, incorporating normal direc-
tion conditions, to reconstruct the enhanced point cloud, re-
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sulting in a mesh that faithfully preserves sharp features.
In summary, our contributions are as follows:

1. We propose a novel feature-preserving framework that
enhances and enriches input point clouds, enabling the
reconstruction of model surfaces with distinct geomet-
ric features.

2. We devise preprocessing operations for point cloud de-
noising and resampling, which improve point cloud
uniformity, providing high-quality, noise-free point
clouds for subsequent feature enhancement and pre-
venting uneven reconstruction results.

3. We incorporate normal direction conditions into the
advancing-front surface reconstruction method that do
not consider normals, enhancing the algorithm’s adapt-
ability to various geometric structures in models and
significantly boosting overall performance and effi-
ciency.

The rest of this paper is structured as follows. Section 2
provides a review of previous studies in the field. In Sec-
tion 3, we describe the proposed framework. Implementa-
tion details and experimental results are shown in Section 4,
then we draw a conclusion in Section 5.

2. Related work

2.1. Point cloud consolidation

The raw point cloud obtained from scanning is fre-
quently disordered, sparse, and irregular. Previous meth-
ods relies on parameter-heavy approaches such as local
mappings [1] and network-based solution [23]. In pur-
suit of parameter-free solutions, the locally optimal projec-
tion operator (LOP) [26] and the improved weighted LOP
(WLOP) [17] are developed to accommodate non-uniform
data. Additionally, low-rank matrix approximation algo-
rithms [28] and objective functions grounded in winding
number requirements [35] are employed to estimate robust
normals and enhance point cloud quality. However, these
methods struggle with both noise and non-uniform point
clouds. In our approach, we address this issue during point
cloud preprocessing by selecting denoising levels based on
noise intensity and creating uniform point clouds through
resampling.

Feature lines within point clouds provide vital geo-
metric information for various applications. Prior re-
search employs multi-scale clustering operators by Pauly
et al. [30] and refinement techniques like robust moving
least squares and Newton’s method [7]. Some methods
enhance edge density but are sensitive to normal accu-
racy [18]. Deep learning approaches, such as EC-Net [39],
Self-sample [29], and PCED-Net [16], have been intro-
duced to analyze shapes and detect edges. PIE-NET [34]

and PC2WF [27] focus on edge detection with region pro-
posal and feedforward modules, respectively. Other meth-
ods like MFLE [2] use anisotropic contraction and dual-
branch structures for feature refinement. Similarly, SED-
Net employs a dual-branch structure to fuse extracted edge
and corner features, creating straightforward and distinct
feature lines [24]. However, existing methods face chal-
lenges with sparse and scattered points along feature lines.
We adopt a discrete optimal transport approach to accu-
rately identify feature regions and generate dense points
along edges, enhancing subsequent reconstruction.

2.2. Feature preserving surface reconstruction

Reconstructing feature-preserving meshes from complex
point clouds is a well-explored challenge. Researchers
extended moving least squares (MLS) with robust statis-
tics [13] and non-linear kernels [41] to model sharp sur-
faces. Salman et al. used Voronoi cell covariance matrices
and modified Delaunay refinement for sharp edge preserva-
tion [33]. Fast locally optimal projection (LOP) operators
via kernel density estimation (KDE) also maintain features
effectively [25]. Dey et al. combined Gaussian-weighted
graph Laplacians with weighted Delaunay triangulations for
feature safeguarding [9].

Network-based methods employ strategies like deforma-
tion [15], local/global priors [11], and 2D Delaunay tri-
angulation properties [31] for mesh construction. Neu-
ral marching cubes (NMC) [4] and neural dual contour-
ing (NDC) [3] enhance traditional techniques, with NDC
excelling in sharp feature preservation. ComplexGen uses
neural networks for probabilistic structure prediction [14].
It optimizes B-Rep chain complexes under structural valid-
ity constraints. SECAD-Net generates compact CAD mod-
els but suits specific structures [22]. A recent implicit neu-
ral network employs a two-stage training process with tai-
lored loss functions to learn input point sharp features and
surface details effectively [12]. For symmetrical models,
global alignment can fit the input point cloud while preserv-
ing constraint relationships, but its application is somewhat
limited [38].

Compared to prediction-based methods, RFEPS is a
recent algorithm that optimizes points and normals ini-
tially [36]. It then detects feature regions, enhances feature
lines, and interpolates polygonal surfaces using restricted
power diagrams. In addition, feature-preserving reconstruc-
tion also employs optimal transport theory [10, 37] and
quadratic error metrics [40]. However, these methods have
various strengths and weaknesses, including robustness is-
sues, limited suitability for small point clouds, and difficul-
ties preserving sharp features in complex areas. In contrast,
our approach leverages enhanced feature points, enabling
the creation of sharp features in intricate regions, with su-
perior efficiency due to straightforward connectivity rules.




