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Fig. 1. Our algorithm can robustly process point clouds with high geometric and topologic complexities, such as thin

plates/tubes, sharp features, rich details, and small topological holes. It generates the corresponding restricted Delaunay

meshes that are watertight, manifold and interpolate the given point clouds. From let to right, No. 1-4 point clouds are

simulated real scans using blensor, No. 5 point cloud is a direct sampling on a triangle mesh, and No. 6-7 point clouds are real

scans (courtesy of LGG and EPFL), the rightmost point cloud is a real scan using 3D Laser Scanner. Note that our algorithm

allows automatic feature alignment for models with sharp features, such as the Gear model (No. 3).

The task of explicit surface reconstruction is to generate a surface mesh by interpolating a given point cloud. Explicit surface

reconstruction is necessary when the point cloud is required to appear exactly on the surface. However, for a non-perfect input,

e.g. lack of normals, low density, irregular distribution, thin and tiny parts, high genus, etc, a robust explicit reconstruction

method that can generate a high-quality manifold triangulation is missing.

We propose a robust explicit surface reconstruction method that starts from an initial simple surface mesh, alternately

performs a Filmsticking step and a Sculpting step of the initial mesh and converges when the surface mesh interpolates all

input points (except outliers) and remains stable. The Filmsticking is to minimize the geometric distance between the surface

mesh and the point cloud through iteratively performing a restricted Voronoi diagram technique on the surface mesh, while
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the Sculpting is to bootstrap the Filmsticking iteration from local minima by applying appropriate geometric and topological

changes of the surface mesh.

Our algorithm is fully automatic and produces high-quality surface meshes for non-perfect inputs that are typically

considered to be challenging for prior state-of-the-art. We conducted extensive experiments on simulated scans and real scans

to validate the efectiveness of our approach.

Additional Key Words and Phrases: surface reconstruction, restricted Voronoi diagram, watertight manifold, winding number

1 INTRODUCTION

Surface reconstruction [Berger et al. 2017] refers to restoring the underlying geometry (typically represented as a
mesh) from partial information of the unknown surface (CT images, point clouds, etc.). Reconstruction methods
can be roughly divided into implicit reconstruction approaches [Carr et al. 2001; Kazhdan and Hoppe 2013] and
explicit ones [Bernardini et al. 1999; Cohen-Steiner and Da 2004; Digne et al. 2011]. Implicit approaches often
need to infer a certain implicit function and then extract the zero-level iso-surface as the reconstructed result,
while explicit approaches aim at directly connecting the points into a triangle mesh. Either group of approaches
has its advantages. Explicit approaches are useful for maintaining high idelity and inheriting as-much-as-possible
information from the raw data.
The surface reconstruction problem is fundamentally challenging when the input point cloud has poor

quality (lack of normals, low point density, irregular point distribution, etc.) and the represented shape has
thin plates/tubes, sharp features, rich details, or small topological holes. Reconstructing such geometrically and
topologically complicated shapes remains to be challenging yet fascinating so far. The theme of this paper is
explicit surface reconstruction, assuming that the input point cloud is not equipped with normal vectors and has
various defects such as low/irregular point density, noise, missing data, and outliers.

The goal of this paper is to develop a robust and eicient solver to obtain a watertight manifold triangle surface
that can well manifest the real geometry. The diiculties are two-fold. First, it is not easy to guarantee a watertight
manifold, especially for an unorganized and poor-quality point cloud due to the high combinatorial complexity.
Second, accurately predicting the underlying geometry is highly non-trivial. The majority of existing explicit
methods employ Delaunay triangulation or Voronoi diagram based techniques, like alpha shape [Edelsbrunner
and Mücke 1994], power crust [Amenta et al. 1998], triangular sculpting [Boissonnat 1984], mesh growing [Li
et al. 2009] and some improved versions [Amenta et al. 2000, 2001; Attali 1998; Guo et al. 1997; Veltkamp 1995;
Yang et al. 2010]. However, the existing approaches are weak to deal with poor-quality inputs.

In this paper, we introduce a guiding surface that is initially simple, e.g., a spherical bounding surface, and
keep evolving the surface through an iterative procedure until it interpolates all the points (except outliers) and
well represents the underlying shape. Within each iteration, our algorithm consists of a Filmsticking step and a
Sculpting step. The Filmsticking step incrementally augments the guiding surface to interpolate the given points
based on a technique of restricted Voronoi diagram, while the Sculpting step is to chip away redundant solids
between the surface and the target geometry represented by the point cloud. The key diiculty of the proposed
framework is to strictly guarantee the surface to be a watertight manifold throughout the whole surface evolution.
Figure 1 shows several examples to exhibit the capability of our algorithm for handling challenging point clouds;
See the attached video for demonstrating how the guiding surface evolves, step by step, from a simple spherical
surface to the inal stage. An intuitive explanation to account for the alternative reinement technique is based on
Gestalt psychology [Köhler 1967]: among several geometrically possible conigurations, the one that possesses
the best, simplest, and most stable shape will actually occur.

Our main contributions are as follows:

• With the support of a guiding surface, we alternately perform the Filmsticking step and the Sculpting
step until the surface well interpolates the point cloud and accurately manifests the real geometry. The
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Filmsticking step aims at connecting the points into a triangle mesh based on proximity while the Sculpting
step modiies the overall shape based on simplicity priors.
• During the Filmsticking step, we use the technique of restricted Voronoi diagram (RVD) to incrementally
augment the vertex set of the guiding surface. We give a set of strategies to guarantee that the guiding
surface is a watertight manifold during the surface augmentation.
• During the Sculpting step, we tetrahedralize the volume enclosed by the guiding surface and delete
redundant tetrahedral elements by more accurately distinguishing the interior from the exterior based on
winding number. The Sculpting operation makes the resulting surface (serving as the input of the next
iteration) closer to the underlying geometry, while maintaining the surface to be manifold.

2 RELATED WORK

Fig. 2. The pipeline of our algorithm. From let to right: A point cloud and the bounding sphere as an initial (guiding) surface;

A Filmsticking step to make the guiding surface interpolate nearly all the points; A Sculpting step to chip of tetrahedral

elements that are identified as unnecessary; Return the guiding surface as the result if it remains unchanged in the Sculpting

step.

Surface reconstruction from 3D point clouds is a fundamental geometry processing task in the ield of computer
graphics. Numerous algorithms [You et al. 2020] have been reported in the last four decades. In this section, we
briely review the existing algorithms.

Approximation methods. Large body of literature [Berger et al. 2013] that focuses on inferring the implicit
equation and then extracts the zero level set surface. For example, radial basis functions (RBFs) [Carr et al. 2001;
Nagai et al. 2010] are a useful tool to infer the implicit equation of the underlying surface. Signed-distance ields
(SDF) are also helpful in approximating the underlying ield. For instance, Poisson reconstruction [Kazhdan et al.
2006] and screened Poisson reconstruction [Fuhrmann and Goesele 2014; Kazhdan and Hoppe 2013] formulate
the inside-outside indicator ield (like an SDF) as the solution to the Poisson equation. When the given point
cloud is very sparse, Ladicky et al. [Ladicky et al. 2017] proposed to learn and predict surfaces based on regression
forest.
There are also some new techniques to deal with challenges in speciic surface reconstruction scenarios,

e.g., urban buildings or indoor scenes [Le and Li 2018; Wang et al. 2017; Yi et al. 2017]. For instance, Le and
Li [2018] proposed a 3D global matching algorithm to handle insuicient temporal sampling or fast camera
movement. Schertler et al. [2017] gave a ield-aligned online surface reconstruction method by sidestepping the
signed-distance computation of classical reconstruction techniques, enabling an eicient output-driven interactive
scanning and reconstruction worklow. For a comprehensive survey, we refer readers to [Berger et al. 2017].
In addition, there are some other approximation-based surface reconstruction approaches. For example, one

can approximate the underlying surface using a set of surface primitives [Nan and Wonka 2017; Ohtake et al.
2005]. The most signiicant advantage of approximation methods lies in their ability to report a smooth manifold
triangle surface, but they have some disadvantages. First, it does not interpolate the given points and thus is
hard to fully retain the original geometry information (tiny geometric features/details, thin-plate models, or
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tubular shapes). Some carefully devised techniques such as adaptive subdivision [Aroudj et al. 2017; Fuhrmann
and Goesele 2014; Ummenhofer and Brox 2015] or persistence diagrams [Gabrielsson et al. 2020] have to be
utilized to improve the geometric idelity. Second, most of the approximation methods cannot work without
normal vectors.

Interpolation methods. The basic requirement of interpolation methods is to interpolate all the input points.
Existing approaches in this category can be further divided into four main types: tangent-plane approaches,
restricted Delaunay based approaches, sculpting approaches, and region-growing approaches. Tangent-plane
approaches map points in a small range onto the tangent plane [Gopi et al. 2000] and then infer the connections
between points. However, it is hard to output a watertight manifold since stitching the piece-wise connections
is a highly non-trivial task. Delaunay based approaches such as the classic Crust [Amenta et al. 1998] and
Cocone [Amenta et al. 2000] inherit the spirit of Delaunay triangulation and aim at generating high-quality
triangles. They work well on the condition that the points are dense enough to encode the local feature size, but
the criterion is hard to meet in practice. Sculpting algorithms [Peethambaran and Muthuganapathy 2015a] build
tetrahedralization in the convex hull and then distinguish interior tetrahedral elements from exterior tetrahedral
elements. In [Kuo and Yau 2005], instead, a greedy region-growing technique is used based on some criteria,
e.g., the empty-ball principle. However, the principle is weak to deal with sparse points, geometric features,
and thin plates. Ball Pivoting [Bernardini et al. 1999], also in a region-growing fashion, works by repeatedly
rolling a ball with a radius of α around the front edges, and when there are three points touched by the ball,
they are connected into a triangle. The intrinsic property driven (IPD) algorithm [Lin et al. 2004] improves the
original ball-pivoting algorithm by determining the target point by the weighted least length criterion. Later,
Li et al. [2009] put forward a direct region-growing algorithm to deal with relatively lat regions in advance,
followed by sharp regions. To summarize, point insuiciency is the biggest challenge for explicit approaches.
Existing point connection schemes cannot work well in complicated situations.

Learning based methods. Diverse learning-based reconstruction methods have sprung up in recent years. For
a survey on geometric deep learning, we refer the reader to [Bronstein et al. 2017; Xiao et al. 2020]. An early
approach [Dai and Nießner 2018] developed a graph-based formulation to generate triangles in a mesh. However,
the method specializes in particular shape categories and does not guarantee to produce manifold meshes. Deep
Geometric Prior (DGP) [Williams et al. 2019] partitions the point cloud into diferent patches and then trains
diferent MLPs for each patch. It has to use Poisson reconstruction as post-processing. Similar research works
aiming at predicting implicit shape representations also include [Erler et al. 2020] and [Gropp et al. 2020].

Shrinking thewrapping surface is an important technique for surface reconstruction. For example, Point2Mesh [Hanocka
et al. 2020] uses MeshCNN [Hanocka et al. 2019], an edge-based CNN with weight-sharing convolutions, to
learn a self-prior for surface reconstruction. It works by repeatedly tuning the initial surface until it suiciently
approaches the real shape. Although it shows great potential in surface reconstruction, the disadvantages are very
obvious. On one hand, it requires thousands of iterations (about 3 hours) to obtain a reconstructed result. On the
other hand, it neither interpolates the points nor guarantees high-quality triangulation. Some researchers consider
the surface reconstruction assuming that the input is an image. Pixel2Mesh [Wang et al. 2018] progressively
deforms an ellipsoid based on a graph-based convolutional neural network to infer a visually appealing and
physically accurate geometry for a 0-genus model. [Pan et al. 2020] further suggest deforms a single genus-0
template mesh to the target surface, the genus-0 mesh is evolved by alternately performing mesh deformation
and topology modiication, where the deformation network predicts the per-vertex displacements between the
reconstructed mesh and the ground truth, and the topology modiication network is used to modify topology by
prune the error-prone faces. However, these methods train a network for each class of objects and are not easy to
support cross-category surface reconstruction.
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Deep learning techniques are also used in the implicit reconstruction of a large scene. [Peng et al. 2020] learns
a scalable implicit representation by using a convolutional decoder to predict the occupancy values by local voxel
crop. In this way, it can aggregate local and global information and get the reconstruction of large-scale scenes.
[Jiang et al. 2020] introduces Local Implicit Grid Representations, a new 3D shape representation designed for
scalability and generality, to reconstruct 3D objects from partial or noisy data based on the prior knowledge that
most 3D surfaces share geometric details at a scale smaller than an entire object and larger than a small patch.
Deep learning-based approaches for interpolating a point cloud are quite a few. Very recently, Sharp and

Ovsjanikov [2020] proposed a deep learning-based explicit surface reconstruction approach, named PointTriNet.
PointTriNet enables point set triangulation as a layer in the 3D learning pipeline. It consists of two neural networks,
i.e., a classiication network that predicts whether a candidate triangle should appear in the triangulation and a
proposal network that suggests additional candidates. PointTriNet is weak to deal with poor-quality point clouds
- the output is not a manifold mesh.

Restricted Delaunay triangulation in surface reconstruction. Restricted Delaunay triangulation (RDT) is found to
be helpful in mesh extraction [Boltcheva and Lévy 2017; Khoury and Shewchuk 2016; Pellerin et al. 2014; Yan
et al. 2009] due to its potential of directly producing high-quality triangulation from unorganized points. It was
originally used to improve the meshing quality [Yan et al. 2009]. [Pellerin et al. 2014] proposed to remesh the
surfaces of 3D sealed geological structural models to align user-speciied contact lines. [Khoury and Shewchuk
2016] observed that if the input points, sampled from a given mesh surface, meet the local-feature-size (LFS)
standard, it is able to connect the points into a triangle mesh that is another triangulation of the manifold.
However, the LFS-sampling condition cannot be satisied in practice. Therefore, we develop a set of strategies to
tackle this issue in this paper. [Boltcheva and Lévy 2017] suggested taking each point as a disk, orthogonal to the
estimated normal direction, and then connecting the points into a surface based on the proximity between disks.
However, it may produce many non-manifold edges, requiring a tedious post-processing step.

3 ALGORITHM

The research theme of this paper is explicit surface reconstruction, i.e., to construct a triangle mesh interpolating
the given point cloud P ∈ R3. Our goal is to output a watertight manifold triangle mesh, denoted as G ∈ R3, that
accurately represents the underlying shape, even when there are imperfections of input data.
As illustrated in Figure 2, our algorithm begins with a simple guiding surface G that is manifold, watertight,

and encloses the input point cloud. We use a spherical surface for initializing G in our experiments. Then, we
iterate the following two steps, Filmsticking and Sculpting, to update G until it converges. Note that, during the
entire process, G is maintained to be a manifold.

Filmsticking is to attract G from its original shape that does not necessarily interpolate any points of P to a
state that interpolates as many as possible points of P through computing Voronoi diagrams restricted on the
guiding surface (Figure 3); See the details in Section 4). We need to ensure the manifoldness of G by introducing
a set of new strategies. Note that the output of this step may be with a geometric and topological coniguration
much diferent from the desired surface.

Sculpting takes the output from Filmsticking and generates a new version of G by re-identifying the interior
and the exterior based on winding number. At the end of the step, the resulting surface is closer to the real shape
in both geometry and topology (Figure 8); See Section 5 for details.

Our algorithm operates by alternately performing the Filmsticking step and the Sculpting step, and terminates
when the Sculpting step makes no changes to G. The evolution of the guiding surface generally requires less
than 10 iterations. The pseudo-code is given in Algorithm 1. The biggest technical challenge lies in enforcing
every intermediate state of the guiding surface to be manifold throughout the evolution.
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(a) Input (b) Initial (c) Iteration #1

(d) Iteration #2 (e) Iteration #3 (f) Iteration #4

Fig. 3. A simple 2D example for illustrating how the Filmsticking works.

ALGORITHM 1: Explicit Surface Reconstruction

Input: Point set P (without normal vectors).

Output: Triangulated watertight manifoldM

. Initialize the guiding surface G0 to be the bounding sphere of P;

i := 1;

repeat

Gi = Repeat Filmsticking(Gi−1); //See Section 4;

Gi+1 = Sculpting(Gi); //See Section 5;

i := i + 2;
until Gi == Gi+1;

outputM := G.

4 FILMSTICKING

Starting from a simple spherical surface G, the goal of this step is to iteratively evolve G to a surface that
interpolates P while ensuring the manifoldness of G. The evolution of G in the Filmsticking step is to perform the
following two steps: 1) computing a G-restricted Voronoi diagram (abbreviated as G-RVD) for P, and 2) replacing
G by the dual of the G-RVD.
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4.1 G-RVD and G-RDT

Consider each point pi ∈ P as a site, the Voronoi diagram of P is composed of |P| Voronoi cells, where each point
pi has a corresponding Voronoi cell

Ci = {x ∈ R3 �
�
�
| |pi − x | | ≤ | |pj − x | |,∀i , j}.

The G-restricted Voronoi diagram is deined as the intersection between G and the Voronoi diagram of P. In
other words, G-RVD is composed of a set of G-restricted surface cells Ri ≜ Ci ∩ G.

Fig. 4. G-restricted Voronoi diagram. Diferent from the traditional restricted Voronoi diagram, the sites (red, blue, yellow

dots) are not located on the base surface (colored in gray). The red region is dominated by the red site, which is given by

intersecting the base surface with the corresponding Voronoi cell.

Figure 4 shows an example of G-RVD. The main diference between G-RVD and the traditional RVD lies in
that P may not be lying on G. If a point pi ∈ P is at a large distance from G, it doesn’t contribute to the G-RVD,
making the cell Ri = Ci ∩ G being empty. Suppose that pi ’s cell and pj ’s cell are non-empty and they share a
common boundary. We connect pi and pj using a straight-line segment. The resulting triangulation is named
G-restricted Delaunay triangulation (G-RDT), which shall be used to update G.
Both [Leibon and Letscher 2000] and [Khoury and Shewchuk 2016] show that when P is a suiciently dense

sample set of a certain surface, the restricted Delaunay triangulation leads to a manifold mesh. The property
doesn’t hold in our scenario due to the two aspects: (1) P may not be on G, and (2) P may be very sparse and
irregular. Therefore, it is necessary to check and ix the manifoldness of G-RDT w.r.t. P.
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4.2 Manifoldness checking rules

Suppose that p1,p2,p3 determine a G-RVD vertex, then p1,p2,p3 are connected into a triangle. Based on [Bischof
et al. 2005; Edelsbrunner and Shah 1997], we give the manifoldness conditions as follows, i.e., the triangulation
induced by G-RDT is 2-manifold if the following conditions are satisied at the same time:

(1) Any cell of G-RVD must be homeomorphic to a 2D disk;
(2) Any two neighboring cells of G-RVD must have one common edge (rather than multiple segments).
(3) Any cell of G-RVD has at least three neighbors.

Condition #2 implies that no non-manifold edge exists. Satisfying both Condition #1 and Condition #2 implies
that G-RDT contains neither non-manifold vertices nor non-manifold edges. Condition #1 and Condition #2
are naturally guaranteed if the input points meet the LFS standard. In our problem, however, they are likely to
be violated due to (1) P may not be on G, and (2) P may be very sparse and irregular. Condition #3 is to avoid
the occurrence of two coinciding triangles that share the same vertex set but with diferent orientations. For
example, one can imagine the situation that three points are located on the equator of a spherical surface, yielding
a degenerate coniguration with three vertices, three edges, and a couple of triangle faces.
In the following, we enumerate all the four possible cases that can violate Condition #1,#2,#3 based on the

adjacency between G-RVD cells (see Figure 5):

Case (a): a point dominates disconnected Voronoi cells.
Case (b): a G-RVD cell has two or more boundary curves.
Case (c): a point dominates the whole surface, or its G-RVD cell has only one or two neighboring G-RVD cells.
Case (d): the common boundary between two adjacent G-RVD cells consists of two or more curved segments.

It is easy to know that Case (a,b,c,d) exhaust all the violation cases. To be more detailed,

• Violating Condition #1 must produce either Case (a) or Case (b).
• Violating Condition #2 must produce Case (d).
• Violating Condition #3 must produce Case (c).

Remark. Based on the above discussion, if we can eliminate Case (a,b,c,d), then the induced G-RDT must be a
manifold mesh that has the possibility of being topologically diferent from G. Imagine that G is a thin-sheet
model with many topological holes punched into the surface. If the points are too sparse to encode the topological
holes, it is hard to interpolate the points into a polygonal mesh that is topologically identical with the high-genus
thin-sheet surface. We ignore the topological inconsistency issue caused by point insuiciency in this paper.

4.3 Manifoldness fixing strategies

Given a G-RVD that possibly violates Condition #1 (Figure 5(a-b)), Condition #2 (Figure 5(d)), and Condition #3
(Figure 5(c)), we need to correct the dual to G-RVD so as to produce a manifold triangle mesh. In the following,
we irst describe the correction strategy for each violation case, followed by composing these strategies into an
algorithm. Finally, we prove that our algorithm will produce a manifold triangle mesh (or an empty mesh in the
worst case).

Strategy I. When a point dominates multiple disconnected regions (Figure 5(a)), we keep only the nearest
connected component for the point, leaving the other connected components ownerless; See the red region of
Figure 5(a). The ownerless regions need to be re-partitioned by the local Voronoi diagram w.r.t. its neighboring
sites. See [Wang et al. 2020] for details.

Strategy II. If a G-RVD cell, belonging to p, is connected but not homeomorphic to 2D disk (Figure 5(b)) or the
number of its neighboring cells is less than 3 (Figure 5(c)), we remove p temporarily and re-partition p’s Voronoi
cell to its neighboring sites based on the local Voronoi diagram.
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Fig. 5. The G-restricted Voronoi diagram w.r.t. the input point cloud Pmay not lead to a manifold surface due to the violation

of Condition #1,#2,#3. There are four violation cases in total: (a) a point dominates disconnected regions, (b) the region

belonging to a point is connected but has two or more boundary curves, (c) the number of neighbors is less than 3, and (d)

the common boundary consists of two or more curved segments.

Strategy III. As Figure 5(d) shows, there are at least 2 shared edges between pi ’s RVD cell and pj ’s RVD cell.
We remove pi and pj at the same time temporarily and re-partition their Voronoi cells by the neighboring sites
based on the local Voronoi diagram. It’s worth noting that this strategy is incurred only if there are no degree-2
sites.

Priority for using Strategy I/II/III. Our task is to eliminate Case (a,b,c,d), using Strategy I/II/III, so as to meet
Condition #1, #2, #3 at the same time. As mentioned above, Strategy I is used to ixing Case (a), Strategy II is used
to ix Case (b,c) and Strategy III is used to ix Case (d). In the implementation, the priority for calling Strategy
I/II/III is

Priority(Strategy I) > Priority(Strategy II) > Priority(Strategy III).

It’s worth noting that Strategy I does not change the number of contributing sites, Strategy II removes one point
and Strategy III removes two points. The main consideration for deining such a priority is to tune the connections
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Fig. 6. We run Algorithm 2 on the Chair model with 500 sample points. The non-manifoldness issues are fixed step by step,

resulting in a 2-manifold mesh (meeting Condition #1, #2, #3).

ALGORITHM 2: Filmsticking

Input: Point cloud P and guiding surface G.

Output: A new guiding surface that interpolates more points of P.

repeat

Compute RVD {Ωi }ni=1 according to P and G;

Step 1: Apply Strategy-I to identify and correct those RVD regions that violate singly-connected property (Condition 1

violated by Case (a) of Figure 5);

Step 2: Apply Strategy-II to identify and eliminate those RVD regions that is singly-connected but not be

homeomorphic to 2D disk (Condition 1 violated by Case (b));

if Case (a) occurs then

Goto Step 1;

end

Step 3: Apply Strategy-II to eliminate Case (c) (guarantee Condition 3);

if Case (a) occurs then

Goto Step 1;

end

if Case (b) occurs then

Goto Step 2;

end

Step 4: Apply Strategy-III to eliminate Case (d) (guarantee Condition 2);

if Case (a) occurs then

Goto Step 1;

end

if Case (b) occurs then

Goto Step 2;

end

if Case (c) occurs then

Goto Step 3;

end

G = Dual of RVD;

until G remains unchanged;

Output G;

to be a manifold while removing as-few-as-possible points. We summarize the pseudo-code in Algorithm 2. In
Figure 6, we extract 500 sample points from the Chair model. With the original surface being the guiding surface,
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it can be observed that all the issues of Case (a,b,c,d) exist. These issues can be completely eliminated, step by
step, following Algorithm 2. We shall give the proof later.

a

b

c
a

b

c
a

b

a

b

c
a

b

c
a

b

(a) Situations #1 (b) Situations #2 (c) Situations #3

Fig. 7. Three situations when one partitions ownerless regions, where the segment colored in red is the ownerless region

waiting for partitioning, the segment colored in yellow is dominated by a, and the segment colored in grey is dominated

by b. The re-partitioning of an ownerless region is based on a local Voronoi diagram w.r.t the nearby sites. (a) The point a

and the point b carve up the ownerless region given by the point c (note that in this example c dominates two disconnected

regions), making the ownerless region vanishing. (b) b’s region is augmented, and the ownerless region is shrunk but does

not vanish. (c) The ownerless region cannot be shrunk anymore since the augmentation of a’s region or b’s region will violate

the connectivity principle.

Re-partitioning ownerless regions. When Case (a) happens, there exists a site p that dominates multiple discon-
nected pieces. We assign the nearest patch to p while labeling the other patches ownerless. The basic strategy
is to re-partition the ownerless regions by the nearby sites with the help of the local Voronoi diagram. (In fact,
Case (b,c,d) also possibly lead to ownerless regions upon site removal, which can be handled likewise.)

There are three situations after re-partitioning an ownerless region:

• Situations #1: the ownerless region vanishes (Figure 7(a)).
• Situations #2: the ownerless region shrinks but does not vanish (Figure 7(b)).
• Situations #3: the ownerless region remains unchanged (Figure 7(c)).
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It’s worth noting that under the circumstance that no site is deleted, it is impossible that the re-partitioning
operation makes the ownerless region become larger. Therefore, the above three situations exhaust all the
possibilities.

For Situations #2, we continue partitioning the remaining ownerless regions. If Situations #3 never occurs, the
ownerless regions can be completely eliminated within initely many iterations. For Situations #3, we randomly
remove one of the nearby sites, say, q, and then label q’s dominating region with łownerlessž.

Convergence analysis. We discuss the convergence of Algorithm 2 in two steps. First, we shall show that by
repeatedly re-partitioning ownerless regions, Case (a) can be totally eliminated. Second, we shall showAlgorithm 2
is bound to terminate after a limited number of region-partitioning or site-removal operations.

Lemma 4.1. Our strategy for handling Case (a), can completely eliminate ownerless regions.

Proof. After re-partitioning ownerless regions, if Situations #1 or Situations #2 happens, then the total area of
ownerless regions is reduced. Each time when Situations #3 happens, the total area of ownerless regions increases
but the number of sites is reduced. However, Situations #3 cannot always happen since the total number of sites
is limited (not more than the total number of points in the point cloud). The worst case is that only one point
remains, and the point dominates the whole surface. Therefore, our strategy cannot lead to an endless loop. □

Lemma 4.2. Algorithm 2 (Filmsticking) can terminate with initely many iterations. The output is either a manifold

triangle mesh or empty.

Proof. Recall that we use Strategy II/III to deal with Case (b,c,d). Both Strategy II and Strategy III will remove
at least one site, which implies that during the execution of the Algorithm 2, Case (b,c,d) cannot always occur
(the total number of sites is limited). Lemma 4.1 points out that Case (a) can be eliminated within initely many
iterations. Therefore, Algorithm 2 can terminate with initely many iterations (it is possible that all the sites are
removed, producing an empty mesh). □

Diference from [Wang et al. 2020]. As mentioned above, Case (a,b,c,d) exhaust all the cases that violate the
manifoldness condition. [Wang et al. 2020] considers only Case (a) and Case (b), but ignores Case (c) and Case (d).
In fact, [Wang et al. 2020] assumes that the base surface is known and all the points are sitting on the base surface
but in this paper the assumption does not hold any more - some points may be far away from the guiding surface.
Empirical evidence shows that there is a high occurrence of Case (c,d) in our scenario. Furthermore, the strategy
for eliminating Case (a) proposed in [Wang et al. 2020] is lawed because Situation #2 (Figure 7(b)) and Situation
#3 (Figure 7(c)) are not taken into account. To summarize, in this paper, we systematically discuss all the cases
that violate the manifoldness condition, which is of great importance in both theory and practice.

5 SCULPTING

The Filmsticking step outputs a manifold triangle mesh G that interpolates part of P except just a few points that
violate the manifoldness conditions1. However, G may be much diferent from the desired output due to highly

concave parts or topological holes; See Figure 8. In this section, we introduce a step of Sculpting to further tune G
such that the interior of G can be better distinguished from the exterior to generate a new surface G1 that can
better manifest the real geometry. The worklow consists of two sub-steps: (1) build the Delaunay triangulation
of the interior of G with tetgen [Si 2015], resulting in a collection of tetrahedral elements T = {Ti }mi=1; and (2) ind
a subset of T whose boundary surface is manifold (meeting Condition #1, #2, #3) based on analysis of winding
number [Barill et al. 2018]. The pseudo-code of Sculpting is shown in Algorithm 3.

1There are also some complicated cases where G interpolates only part of P, which shall be discussed in Section 6.
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(a) Concave geometry (b) Topological holes

Fig. 8. Removal of dangling parts from the guiding surface. (a) Dangling parts due to highly concave geometry. (b) Dangling

parts due to topological holes.

ALGORITHM 3: Sculpting

Input: Point set P and guiding surface G.

Output: Manifold triangle meshM.

Tetrahedralize the interior volume deined by G;

if there are tetrahedral elements deemed as exterior based on winding number then

Delete these tetrahedral elements;

Return M = Shell of the tetrahedral mesh;

end

Once the resulting mesh is non-manifold, we restore some tetrahedral elements such that the surface of the tetrahedral

mesh is a manifold; See Section 5;

Return M = Shell of the tetrahedral mesh;

Geometric hints for sculpting. Sculpting is an important technique to distinguish the interior from the exterior.
A typical way is to tetrahedralize the convex hull of P and then peel the convex hull, tetrahedron by tetrahedron
and from outer to inner until no tetrahedral element can be deleted. Many sculpting algorithms depend on
diferent geometric hints. [Boissonnat and Jean-Daniel 1984] proposes to delete Ti if the maximum distance
between the faces of a boundary tetrahedron and the associated parts of the circumsphere of the tetrahedron
exceeds a tolerance. [Chaine 2003] checks each triangle f on the up-to-date boundary surface to see if its
circumscribed sphere contains some point q that is not on the boundary surface, and update the triangle by three
new triangles with q being a vertex. [Veltkamp 1994] considers the ratio of the circumcircle radius of f to the
circumsphere radius of the corresponding tetrahedron. Hybrid sculpting [Attene and Spagnuolo 2010] identiies
the exterior tetrahedra based on the magnitude of the longest edge of a boundary tetrahedron. [Peethambaran
and Muthuganapathy 2015b] prioritizes removing those tetrahedra with a large circumsphere radius. However,
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these procedural approaches mainly consider the shape of a single tetrahedron and lack knowledge about the
overall shape. The disadvantages are two-fold: (1) they heavily depend on the point density and cannot work on
low-density points, and (2) if one checks the manifoldness conditions each time a tetrahedron is deleted, it is
hard to produce a high-genus model (because of this, [Boissonnat and Jean-Daniel 1984] and [Peethambaran and
Muthuganapathy 2015b] can only deal with genus-0 models).

Fig. 9. The workflow of winding number based Sculpting.

Winding number based sculpting. In this paper, we use a diferent strategy that is aware of the overall shape,
i.e., using the winding number to determine if a tetrahedron lies inside. The worklow is shown in Figure 9. First,
we build tetrahedralization for the interior T of G with tetgen: T = {Ti }mi=1, and compute the normal vector for
each vertex of G. Second, we evaluate the winding numberW (·) for each Ti ∈ T:

W (Ti ) =

n∑

j=1

aj
(pj − ti ) · nj
4π ∥ (pj − ti )∥3

, (1)

where ti is the center point ofTi , nj is the normal vector at pj , n is the total number of vertices of G, and aj is the
inluence area of pj , computed by projecting the neighboring points onto the best-it plane and querying the area
of its 2D Voronoi cell. After that, we temporarily erase

T
out ⊂ T = {Ti ∈ T��

�
W (Ti ) ≤ τ }

from T (W (Ti ) ≤ τ implies that Ti tends to be located outside). If the surface of T\Tout is manifold (meeting
Condition #1, #2, #3), the Sculpting step is inished. Otherwise, we identify the non-manifold vertices and the
non-manifold edges and ix them. τ is set to 0.3 by default.

Classiication of non-manifold issues. The non-manifold issues consist of two types: non-manifold vertices and
non-manifold edges. Suppose that the boundary surface of T is 2-manifold, i.e., non-manifold vertices/edges do
not exist. Based on connectivity (two tetrahedra are in one cluster if they share one triangle face), T has the
following properties:
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(a) (b) (c)

Fig. 10. Fixing non-manifold issues in the Sculpting step. (a) A non-manifold edge whose surrounding tetrahedra consist

of multiple connected components (two tetrahedra are in one cluster if they share one triangle face). (b) A non-manifold

vertex whose neighboring tetrahedral elements consist of multiple components based on adjacency. (c) A non-manifold

vertex whose neighboring tetrahedral elements have only one component.

• The tetrahedra surrounding any edge e consist of only one connected component. Their dual is a closed
fan (for an interior edge) or an open fan (for an edge on the boundary surface of T).
• The tetrahedra neighboring to any vertex v consist of only one connected component.

Similar properties can be found in [Attene et al. 2009]. Based on this, all the possible non-manifold issues fall into
the following three types (as shown in Figure 10):

Type I: A non-manifold edge whose surrounding tetrahedra cannot form an open or closed fan. See Figure 10(a).
Type II: A non-manifold vertex whose neighboring tetrahedra cannot induce a connected component. See

Figure 10(b).
Type III: A non-manifold vertex whose neighboring tetrahedra are connected but the boundary triangles incident

to the vertex cannot deine a connected component. See Figure 10(c).

Fixing non-manifold vertices/edges. For Type I, i.e., a non-manifold edge e whose surrounding tetrahedra can be
clustered into two or more components, we keep the largest cluster of tetrahedra and remove the other tetrahedra.
For Type II, among the multiple components that surround a non-manifold vertex, we keep only the cluster
with the largest average winding number (more possibly lying inside). For Type III, we restore the tetrahedra
surrounding the non-manifold vertex (in the constrained Delaunay triangulation of the interior of G, the dual of
the tetrahedra neighboring to any vertex v is homeomorphic to a 2D disk). We can repeatedly handle these issues
until all the non-manifold issues can be inally eliminated. In the inal state, we extract the boundary surface of T
as the new guiding surface.
The handling of one non-manifold issue may lead to the occurrence of another non-manifold issue although

this rarely happens. To avoid an endless loop, we enforce a mandatory rule - any restored tetrahedra cannot be
deleted anymore.

Lemma 5.1. Our Sculpting strategy can guarantee that the output is a 2-manifold surface or empty with initely

many iterations, in whatever order the three types of issues are addressed.
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Proof. When Type-I or Type-II issues occur, there are some tetrahedra deleted, reducing the number of
tetrahedra in T. When Type-III issues occur, the number of tetrahedra in T is increased. However, our algorithm
speciies a mandatory rule - any restored tetrahedra cannot be deleted anymore, and thus any tetrahedral element
cannot be deleted twice, which guarantees that our algorithm can terminate with initely many iterations. □

At the termination, there are possibly three situations:

Situation #1: the output is a non-empty manifold mesh but diferent from the input guiding surface (at the
beginning of the Sculpting step).

Situation #2: the output is empty since all the tetrahedra are deleted.
Situation #3: the output is the same as the input guiding surface (being a manifold surface) since all the deleted

tetrahedra are restored or no one tetrahedra are deleted.

Termination condition. The purpose of the Filmsticking step is to predict the connections between points
with the help of the guiding surface while the purpose of the Sculpting step is to make the resulting guiding
surface closer to the underlying shape in topology and geometry. Due to the alternative execution between the
Filmsticking operation and the Sculpting operation, the guiding surface becomes closer and closer to the real
geometry, and the prediction of winding numbers becomes more and more accurate. Generally, there are more
and more points participating in the triangulation. Therefore, we simply compare the number of points contained
in the guiding surface between this iteration and the previous iteration, enforce a termination if the number of
points does not increase.

6 FURTHER IMPROVEMENTS

By alternately performing the Filmsticking step and the Sculpting step, the guiding surface G can inally approxi-
mate the underlying shape when it remains unchanged. The algorithm works well in most cases. In this section,
we propose to further improve it from two aspects: (1) how to deal with a shape with a narrow-mouthed point
cloud, and (2) how to preserve feature lines as much as possible.

6.1 Nested guiding surfaces

It must be pointed out that although our algorithm works well for most point clouds, it cannot deal with a shape
with an inward opening. As Figure 11(a) shows, if the inner wall of the point cloud is shaped like łVž, then even
without the Sculpting step, the Filmsticking step suices to make the guiding surface stretch to the inner wall.
However, when the opening of the point cloud curves inward, the guiding surface cannot stretch to the inner
wall (see the top igure of Figure 11(b)) even if we alternatively run the Filmsticking step and the Sculpting step.
Therefore, we have to introduce a nested guiding surface to attract the remaining points (see the bottom igure of
Figure 11(c)).

We explain our insight as follows. As Figure 11(b) shows, there are still many points located in the internal space
enclosed by the existing guiding surface but they cannot help estimate winding number due to lack of normal
vectors. Because of this, the Sculpting step, based on winding-number estimation, cannot make the guiding
surface stretch into the inner wall. If we introduce a nested guiding surface to enclose those łbenchwarmersž, it
can better guess which tetrahedral element is inside and which is outside. As the top igure of Figure 11(c) shows,
with the help of the nested guiding surface, the Sculpting step is able to fuse the two layers of guiding surfaces,
push the guiding surface into the mouth and make the inal guiding surface approach the real shape.

In implementation, we introduce a nested guiding surface in a conservative way, i.e., the nested guiding surface
is introduced only if (1) both Filmsticking and Sculpting cannot increase the number of vertices in the guiding
surface, and (2) the number of points inside the guiding surface is larger than or equal to 4. If the newly introduced
nested guiding surface is able to help increase the number of helpful vertices (count the vertices of the guiding
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(a) (b) (c)

Fig. 11. The necessity of adding a nested guiding surface. (a) Even without the Sculpting step, only the Filmsticking step can

report a well-shaped surface for the point cloud with a V-like inner wall. (b) For the point cloud with an inward opening, the

Filmsticking step cannot make the guiding surface stretch to the inner wall (see the top figure); Even with the Sculpting step,

the guiding surface remains unchanged, failing to atract the points on the inner wall (see the botom figure). (c) Therefore,

we introduce a nested guiding surface to atract the remaining points (see the botom figure). With the help of the nested

guiding surface, the Sculpting step can break through the mouth and produce a new guiding surface that can beter manifest

the real shape (see the top figure).

Fig. 12. If there are still points that cannot be atracted by the existing guiding surface, we introduce a new guiding surface

to interpolate the remaining points.

surface at the end of the Sculpting step), we continue Filmsticking and Sculpting. Otherwise, the algorithm
terminates.
As Figure 12 shows, when the irst Filmsticking operation is performed, we get one guiding surface G, but

the points on the inner wall are remaining (the number of remaining points is larger than 4). Starting from a

ACM Trans. Graph.



18 • Pengfei Wang, Zixiong Wang, Shiqing Xin, Xifeng Gao, Wenping Wang, and Changhe Tu

simple spherical surface that is manifold, watertight, and encloses the remaining points, we perform another
Filmsticking operation and get one more guiding surface G′. We set G and G

′ to be in diferent orientations,
facilitating the computation of winding number. It can be explained from 3D boolean operations: the volume
of the underlying shape equal to G’s interior minus G′’s interior. In the implementation, we tetrahedralize the
interior of G by taking each point in P as the tetrahedral vertex. The purpose of introducing G′ is to help provide
a normal vector for those points not contained in G such that the winding number can be accurately estimated.
Although G and G

′ are separate in connectivity, they are generally fused into one connected surface at the
end of the Sculpting step. The fused guiding surface serves as the input to the next Filmsticking step. (If the
input points represent the inner layer and the outer layer of a hollowed sphere, G and G

′ are still separate after
Sculpting; In this case, G′ does not help increase the number of vertices on G and thus we directly return G as
the output.)
Remark: The nesting depth can be larger - a larger depth generally leads to fewer iterations of Filmsticking and
Sculpting. But the nesting depth of 2 (two guiding surfaces G and G

′) is enough in practice based on our tests.
First, the purpose of the nested guiding surface is to augment the point set that contributes to the triangulation -
the remaining points still have a chance to participate in the triangulation in the next turn. Second, if the nesting
depth is too large, the prediction of the winding number becomes less accurate, which further decreases the
accuracy of Sculpting.

6.2 Feature-line alignment

Feature alignment is required especially when the input point cloud represents a CAD model with sharp creases.
Therefore, we provide an optional step for users to achieve this purpose. As pointed out in [Stein et al. 2018] for
a point on the surface, the small neighborhood of an of-feature-line point can be roughly viewed as a planar
region, while the small neighborhood of an on-feature-line point can be considered as a folded planar region.
Therefore, if the vertex vi is on the lat area, the normal vectors of the incident triangles have a small deviation
from vi ’s normal vector. We evaluate the deviation by

ξ1 (vi ) =
∑

fj

θ j ∥nj − ni ∥2, (2)

where ni is the average normal at vi , fj is a triangle incident to vi , nj is the normal vector at fj , and θ j is the
vi -incident angle in fj . Ifvi is located near a feature line, we hope the following score is as small as possible [Stein
et al. 2018]:

ξ2 (vi ) =
∑

ej

θ 1j + θ
2
j

2
∥< ni ,n

1
j > − < ni ,n

2
j >∥2, (3)

where ej is a vi -incident edge, θ
1
j ,θ

2
j are the vi -incident two angles in the two triangles incident to ej , and n

1
j ,n

2
j

are respectively the normal vectors of the two triangles incident to ej .
Finally, we ind the optimal edge coniguration that can minimize the overall score

∑

i

ξ1 (vi )ξ2 (vi ). (4)

In the implementation, rather than borrow an existing numerical optimization solver, we introduce a priority
queue to maintain the order in which the edges are processed. Obviously, one edge lipping operation brings
a change to four vertices, as Figure 13 shows. For each edge, its priority is measured by the overall decrease
of the scores of the related 4 vertices. Each edge lipping operation may cause a score decrease. Throughout
the algorithm, the overall score keeps decreasing, which implies that the algorithm can terminate after initely
many edge lipping operations. See an example for feature alignment edge lipping in Figure 13. In addition, we
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Fig. 13. Edge flipping for feature alignment. Each edge flipping operation makes the overall score (see Eq. (4)) keep decreasing.

Ater finitely many flipping operations, our algorithm reports a feature-alignment connection configuration (still a watertight

manifold).

suppress the edge lipping operation if it leads to non-manifold edges/vertices, degenerate triangles, or surface
self-intersection.

7 EXPERIMENTS

In this section, we evaluate the proposed approach on synthetic and real scanned point clouds. The experiments
were all conducted on a PC with Intel(R) Core(TM) i9-9900k CPU 3.60 GHz and 32 GB memory and RTX 3090.
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7.1 Setings

Existing approaches. We compare our approach with 7 existing surface reconstruction approaches to demon-
strate the superiority of our approach. Some are interpolation based, e.g., Greedy [Cohen-Steiner and Da 2004],
Ball Pivoting (BP) [Bernardini et al. 1999], and Scale Space (SS) [Digne et al. 2011]. Some are approximation
based, such as Screened Poisson (SPR) [Kazhdan and Hoppe 2013], Point2Mesh (P2M) [Hanocka et al. 2020],
Point2Surface (P2S) [Erler et al. 2020]. In fact, P2M and P2S are learning-based methods. We also include Point-
TriNet (PTN) [Sharp and Ovsjanikov 2020] for comparison, which is learning-based but interpolates the given
point cloud. It’s worth noting that Screened Poisson require normals of the point cloud. We employ [Xu et al.
2018] for estimating normal vectors to facilitate the execution of screened Poisson. For our algorithm, the switch
of feature alignment edge lipping is turned of if without any speciication. Furthermore, we also discuss the
diference between our method and [Khoury and Shewchuk 2016].

Datasets. We used diverse datasets for the test. The irst kind of data is obtained by direct sampling on meshes
in Thingi10K [Zhou and Jacobson 2016] and D-Faust [Bogo et al. 2017]. The second kind is simulated scan by
BlenSor [Gschwandtner et al. 2011] on models from Thingi10K. The last kind is real scanned data, some are
courtesy of LGG, EPFL (http://lgg.epl.ch/statues.php) and large-size dataset [Aanñs et al. 2016] while some are
obtained by the Go!SCAN 3D G2 white light scanner.

Sample = 4000

Sample = 8000

Sample = 12000
(a) w = 0.1 (b) w = 0.2 (c) w = 0.3 (d) w = 0.4 (e) w = 0.5

Fig. 14. A smaller winding-number tolerance tends to encourage a larger interior space; See the highlighted windows in the

first row. Furthermore, the tolerance becomes more insensitive for denser point data. We set the tolerance to 0.3 by default.
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Parameter setting. Our algorithm includes a single parameter, i.e., the winding-number thresholdw , which is
used to distinguish the interior volume from the exterior volume. Figure 14 shows the inluence ofw , where the
number of samples ranges from 4K to 12K andw is set to 0.1, 0.2, 0.3, 0.4, 0.5 respectively. It can be seen that in
the case of sparse sampling (4k), ifw is too small or too large, it is easy to confuse interior and exterior. We setw
to be 0.3 by default in our experiments. Furthermore, we observe that when the number of points is large, the
choice of the winding-number threshold becomes insensitive.

(a) Input (b) Initial guiding surface (c) Result

Fig. 15. We test a bounding sphere, a convex hull, and a bounding box respectively as the initial guiding surface and obtain

the same reconstructed result.

Method SPR P2M P2S PTN SS BP Greedy Ours

A
rm

ad
il
lo
:4
00
0

H = 2.62 × 10−3
M : ✓W : ✓

H = 11.35 × 10−3
M : ✓W : ✓

H = 5.37 × 10−3
M : ×W : ×

H = 2.11×10
−3

M : ×W : ×
H = 3.02 × 10−3
M : ×W : ×

H = 2.35 × 10−3
M : ×W : ×

H = 2.15 × 10−3
M : ×W : ×

H = 2.14 × 10−3
M : ✓W : ✓

L
ea
f:
80
00

H = 12.58 × 10−3
M : ✓W : ✓

H = 27.58 × 10−3
M : ✓W : ✓

H = 15.66 × 10−3
M : ×W : ×

H = 1.92 × 10−3
M : ×W : ×

H = 3.59 × 10−3
M : ×W : ×

H = 1.16 × 10−3
M : ×W : ×

H = 3.89 × 10−3
M : ×W : ×

H = 1.07 × 10
−3

M : ✓W : ✓

Table 1. Accuracy statistics. H : reconstruction error.M : manifold.W : watertight. Warm color represents large deviation from

the ground truth.

Guiding surface initialization. As Figure 15 shows, we test a bounding sphere, a convex hull, and a bounding
box respectively as the initial guiding surface and obtain the same reconstructed result. Furthermore, even if
the initial guiding surface is inside the volume or stays away from the given point cloud, the result remains
unchanged but may need more iterations.

(a) Input (b) SPR (c) P2M (d) P2S (e) PTN (f) SS (g) BP (h) Greedy (i) Ours

Fig. 16. Constructing a thin-plate surface from sparse point cloud (2K points).
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Indicators for evaluating a reconstruction approach. We shall evaluate our reconstruction approach from the
following ten aspects. The indicators include:

• Whether to guarantee a watertight manifold output.

• Reconstruction accuracy against the ground truth.

• The ability to deal with sparse and irregularly distributed points.

• The ability to deal with high-genus tubular structures.

• The ability to deal with thin-plate models.

• The ability to deal with feature lines and sharp features.

• The ability to recover geometric details.

• Triangulation quality.

• Robustness to noise, outliers, and missing data.

• Run-time performance.

7.2 Accuracy

LetM be the ground truth mesh andM
′ the reconstructed one. The symmetric Hausdorf distance betweenM

and M
′ can be deined as follows:

d (M,M′) = max(

∑n
i=1A(vi )d (vi ,M

′)∑n
i=1A(vi )

,

∑n′

i=1A(v
′
i )d (v

′
i ,M)

∑n′
i=1A(v

′
i )

),

where n,n′ are respectively the number of vertices contained in M and M
′, and A(·) is to take the inluence area

of a vertex.
In Table 1, we compare our algorithm with the other 7 approaches on two simulated scans of the Armadillo

model (4K) and the Leaf model (8K). Generally speaking, the interpolation based approaches (PTN, SS, BP, Greedy,
and ours) are more accurate than the approximation based approaches. Our approach, also interpolation based, is
in the irst level as far as the accuracy is concerned. For the Armadillo model, PTN is comparable to ours in terms
of accuracy but its output is far from being a watertight manifold. For the Leaf model, our method has obvious
advantages over the other approaches. SPR heavily depends on the normal vectors. However, it is hard to compute
reliable normal vectors on a thin plate model, making SPR diicult to yield a faithful reconstruction result. P2M
uses MeshCNN to predict the displacement for an initial mesh and can gradually approach the underlying shape.
In spite of being an explicit approach, P2M cannot interpolate the given point cloud, which accounts for the fact
that P2M is less accurate than the interpolation based approaches. P2S directly predicts the signed distance at
a query point from the latent codes. It has good generalizability and adapts to diferent noise scales. However,
it cannot guarantee normal consistency and may produce bumpy surfaces with ripples. BP triangulate every
three points that it into a ball of radius r without containing any further point inside the ball, but it may cause
misconnections of points if the distance between neighboring points is larger than the thickness of the model.
Greedy starts from a seed facet and augments the surface by adding Delaunay triangles one by one. However,
Greedy is hard to distinguish the points on opposite sides of a thin plate model.

7.3 Manifoldness

In Table 1, we use łMž and łW ž respectively to indicate whether the result is manifold or watertight. The
requirement of being manifold and watertight seems trivial for those approximation-based approaches that
extract the zero level set of a scalar ield. However, the requirement becomes extremely hard for the interpolation-
based approaches due to the inherent terrible combinatorial complexity. As reported in Table 1, only ours can
guarantee the manifoldness among the interpolation-based approaches. For the Leaf model, PTN produces 196
non-manifold edges and 25 non-manifold vertices and 141 open-boundary edges, SS produces 8050 non-manifold
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edges and 3 non-manifold vertices, BP produces 63 non-manifold vertices and 274 open-boundary edges, and
Greedy produces 157 open-boundary edges. It is worth mentioning that Greedy uses a greedy triangle selection
strategy to guess the next łbestž connection, but the best guess depends on the local positional coniguration
of points, lacking the knowledge about the global shape. Therefore, Greedy cannot ensure a closed mesh if the
point cloud has a low quality (e.g. far from the LFS sampling condition). To summarize, our algorithm accurately
interpolates the point cloud and can guarantee a watertight manifold, which distinguishes itself from other
approaches.

7.4 Irregular and sparse distribution of point cloud

A point cloud is said to have a regular distribution if there is an almost even gap between points. It’s known
that both CVT and blue-noise sampling can generate a set of points with a regular distribution. The problem of
surface reconstruction becomes diicult if the input points have an irregular and sparse distribution.

Sparse point cloud. Figure 16 shows a point cloud sampled from the Cup model with a thin wall. It includes 2K
points and is generated by Blensor. Generally, a set of points is said to be sparse if the gap between adjacent
points is bigger than the thickness of the wall. In this case, the inluence of the points on one side of the wall
easily penetrates the other side, thus producing misconnections of points. Our algorithm alternately performs the
Filmsticking step and the Sculpting step. Its spirit is to ind the simplest connection coniguration among a huge
number of possibilities. Since the points on the inner wall of the Cup model (Figure 16) are too sparse, even if the
normal vectors are very accurate, SPR still fails to get a faithful result due to the lack of a reliable gradient ield.
P2M has two disadvantages in dealing with sparse point clouds. First, it is hard to accurately predict the position
for each moveable vertex. Second, it does not have a high triangulation quality. P2S and PTN cannot control the
overall topology of the target model and are likely to produce unwanted topological holes. SS requires a pair of
parameters, i.e., the radius of the neighborhood ball and the number iterations of increasing the scale, to deine a
good indication of which points are near each other. Even with ine-tuned parameters, the inner wall and the
outer wall of the Cup model cannot be separated due to the fact that SS operates locally. It’s also hard to tune the
ball-radius parameter for BP. Greedy seems to be able to get a good connection but the resulting mesh contains
gaps.

Irregular distribution. In Figure 17, we generate 4K, 20K irregularly distributed points on the 2 models using
Monte-Carlo sampling. When the point distribution becomes irregular, there exists ambiguity on how to predict
the desirable connection coniguration, it is hard to use a local geometric rule to determine the connections
between points. In fact, both the Filmsticking step and the Sculpting step of our algorithm are to seek for a
connected watertight manifold surface, which is prior knowledge about how people perceive a 3D shape.

Diverse point distributions. In Figure 18(a), we synthesize a sampling result by employing Poisson disk, Monte-
Carlo sampling, and regular recursive sampling in the upper, middle, and bottom parts, and the point density
varies much from top to bottom. Since the Vase model contains thin tubes/plates, we use the model to test various
reconstruction approaches to see if they can handle a point cloud with the sparse, irregular, and non-uniform
distribution. It can be seen that our algorithm can recover the underlying geometry for this challenging case and
outputs a watertight manifold mesh. However, the results yielded by the other algorithms have various defects.
Due to the poor quality of point distribution, it is hard to estimate the normal vectors very accurately, making
SPR produce a bumpy surface with broken handles. P2M takes SPR’s resulting surface as the input and thus
inherits such defects. The sign propagation mechanism of P2S is sensitive to the distribution of input points and
thus cannot get a good result for a poor-quality point cloud. PTN sufers from point sparsity and easily leads to a
non-manifold and non-watertight output. It’s hard for SS to tune the scale parameter. One has to use a large scale
to adapt sparse point clouds. However, some points are missed on the inal output mesh, as Figure 18(f) shows.
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(a) Input (b) Ours (c) GT

Fig. 17. We generate irregularly distributed points using Monte-Carlo sampling. From top to botom: the numbers of samples

are respectively 4K, 20K. From let to right: sampled point cloud, our reconstructed results, ground-truth.

(a) Input (b) SPR (c) P2M (d) P2S (e) PTN (f) SS (g) BP (h) Greedy (i) Ours

Fig. 18. We synthesize a sampling result by employing Poisson disk, Monte-Carlo sampling, and regular recursive sampling

in the upper, middle, and botom parts. Most of the existing approaches fail due to the poor-quality input whereas our

algorithm works well.

BP requires a global ball-radius parameter but it is hard to ind a suitable value on the point cloud with unequal
point densities. Greedy cannot predict a correct connection between points at the thin parts, causing broken
handles.
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(a) Input (b) SPR (c) P2M (d) P2S (e) PTN (f) SS (g) BP (h) Greedy (i) Ours

Fig. 19. Comparing the ability to reconstruct the complicated tubular network.

7.5 High-genus, thin plates, sharp features, and geometric details

High-genus. In Figure 19, we test various algorithms on a high-genus model from the Thingi10K dataset. We
sample 50K points using the Poisson disk method. Those implicit reconstruction approaches easily produce
unwanted bumps while the existing interpolation based approaches easily produce misconnections between gaps
or broken branches at super-thin parts. By contrast, our algorithm interpolates the point cloud, guarantees a
watertight manifold, and well approximates the real geometry.

Thin plates, geometric details and missing data. In Figure 20, we use two models to test various algorithms
to see if they can handle thin plates, geometric details, and missing data. The tests on the Shield model (3K
points, simulated scan by Blensor) show that our algorithm can distinguish the front side from the backside
and preserve geometric details as well, unlike SPR, P2S, PTN, and Greedy that generate a large number of small
unexpected topological holes. The tests on the Gogol model (a real scan courtesy of LGG, EPFL), show that most
of the existing algorithms fail to deal with data missing. By contrast, our algorithm is able to bridge the missing
parts, yielding a watertight manifold mesh, which is due to the fact that our algorithm suppresses unnecessary
topological holes as far as possible. See Figure 21 for more data missing examples. We must point out that if
data missing is too severe such that the underlying shape represented by the point cloud is far from being a
closed surface, our algorithm may report an empty result as the output. For example, we take samples from a
spherical cap with a height of R/2 (R is the radius), the output is a closed mesh; But when the cap height amounts
to R/4, the output becomes empty. We further use Figure 23 to show a gallery of reconstructed results to give an
in-depth comparison between the existing approaches and ours. Some of the point clouds (the top three rows
of Figure 23) are simulated scans using Blensor while some (the bottom two rows of Figure 23) are real scans
courtesy of LGG and EPFL.

Preserving feature lines. At least for CAD models, the near-feature regions and the of-feature regions should
be treated diferently. One has to encourage feature alignment at the cost of a possible decrease in the meshing
quality. Recall that our algorithm includes an optional step of edge lipping to encourage feature alignment around
the near-feature area while suppressing luctuation in the of-feature area. Most of the existing algorithms do not
take feature alignment into account. We activate the feature alignment on the Gear (No. 3 model in Figure 1) and
Fandisk (Figure 13) model to achieve feature aligned triangulations.

7.6 Triangulation quality

For approximation-based approaches, there is enough freedom to optimize vertex placement such that the
resulting mesh has a high triangulation quality. For interpolation-based approaches, however, the triangulation
quality mainly depends on the original point distribution, although there does limited freedom to lip the edges
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(a) Input (b) SPR (c) P2M (c) P2S (d) PTN (e) SS (f) BP (g) Greedy (h) Ours

Fig. 20. The thin-plate model has many geometric details on the front while remaining flat on the back. We give three

separate views for each result. The Gogol model, courtesy of LGG and EPFL, has severe data missing. One of the nice features

of our algorithm lies in that it is able to bridge the missing parts, yielding a watertight manifold mesh.

(like Delaunay triangulation). We use the following commonly used formula to measure the quality of a triangle t :

Q (t ) =
6
√
3

S

pl
, (5)

where S,p, l are respectively the triangle area, half of the perimeter, and the length of the longest edge. Q (t ) = 1
when t is a regular triangle and Q (t ) < 1 otherwise. Let θ (t ) denote the minima angle of t . By visiting all the
triangles, we keep Qi and θi for the i-th triangle. In this way, we obtain the average values Qave ,θave , as well as
the worst values Qmin ,θmin . From the statistics shown in Figure 22, our algorithm has a conspicuous advantage
over the other algorithms. The rationale behind this lies in that our generated mesh is restricted Delaunay. We
must point out that the Greedy method is also based on Delaunay, thus producing equally good triangulation
quality.
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Fig. 21. Our method is able to deal with data missing. From let to right: simulated scans using Blensor, real scan using 3D

Laser Scanner, real scan courtesy of LGG and EPFL, a large-size real scan point cloud [Aanñs et al. 2016].

7.7 Real scans

For real scans, there are various defects such as noise, outliers, and data missing. In the situation of severe noise,
it is hard to accurately estimate normal directions, which greatly diminishes the quality of the underlying scalar
ield for those implicit surface reconstruction approaches. Our algorithm, however, does not require the input of
normal vectors. It gradually infers the real normal vectors while reining the guiding surface. The prediction of
normal vectors may become inaccurate when severe noise exists, but it does not have a signiicant inluence on
the computation of winding number. In addition, the tetrahedral elements incident to outliers (or noisy points at
a large distance to the underlying surface) are identiied as in the exterior and thus are deleted in the Sculpting
step; See Figure 24. At the same time, for this example, the data is missing on the top of the head and at the nose
part. SPR naturally ills the region of missing data with a smoothly interpolated surface. P2M also has the feature
of hole illing due to the manifold and watertight prior. P2S and PTN, in spite of using soft penalties to increase
the ability to produce a manifold and watertight surface, are still weak in handling the defect of data missing.
SS and BP have to tune a parameter to adapt large gaps between points. The gap cannot be illed if there is a
large portion of data missing. Greedy ills the empty regions with large triangles, but it can neither guarantee a
manifold nor deal with outliers. Our algorithm is able to handle diverse defects at the same time.

Accuracy statistics on real scans. We used the Go!SCAN 3D G2 white light scanner to obtain 8 real scans. Each
noisy scan contains about 10-100K points. The reconstructed models are visualized in Figure 25. It can be seen
that our algorithm can reconstruct the geometrically challenging objects with high idelity. It is worth noting
that there are some points on the ground included in the given point clouds. Our algorithm has a nice feature
of automatically iltering out the points located on the ground base, which is due to the following interesting
observation: during the iterations, the dangling tetrahedra are gradually deleted and thus the tetrahedral elements
contributed by the ground points are isolated from the main body. Our algorithm keeps only the largest component
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Fig. 22. Triangle quality statistics on the Armadillo model and the leaf model.

and thus cleverly avoids the ground points dirtying the main-body surface. We plot the accuracy statistics of the
above-mentioned 7 approaches, as well as ours, in Figure 26. The horizontal axis is the Hausdorf error between
the original model and the reconstructed counterpart while the vertical axis denotes the run-time performance.
More comparisons on real scans are available in the supplemental material.

7.8 Run-time performance statistics and analysis

Suppose that the input point cloud P contains n points and inally produces a triangle mesh of about 2n triangle
faces. For eicient query of the distance from a point to P, we pre-build a kd-tree of P inO (n logn) time [Arya and
Mount 1997] and pre-compute the Delaunay triangulation w.r.t. P in O (n logn) time in general condition [Attali
et al. 2003]. Throughout the algorithm, the guiding surface G has a complexity of not exceeding 2n faces.
Our algorithm generally requires only a few iterations, typically 5 to 10. During each iteration, 1 ∼ 3 RVD
decompositions and 1 ∼ 2 Sculpting operations are needed. Considering that either computing RVD once on G

or Sculpting the interior of G once requires about O (n) time, the empirical time complexity can be estimated
byO (n logn) +kO (n), where k equals to the number of computing RVDs plus the number of Sculpting. Empirical
evidence shows that k is smaller than 18. The timing of processing the models in Figure 23 is listed in Table 2. It’s
worth noting that if the number of points is too large, both the Filmsticking step and the Sculpting will be very
time-consuming. Therefore, when the number of point clouds is over 100K, we down-sample the point cloud to
100K that is still dense enough to encode the rough shape. After reconstructing a surface for the 100K points, we
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(a) Input (b) SPR (c) P2M (c) P2S (d) PTN (e) SS (f) BP (g) Greedy (h) Ours

Fig. 23. Comparing the reconstruction approaches in terms of the ability to deal with high-genus topology, sharp features,

and geometric details. Red dots, red edges, and greed edges respectively denote non-manifold vertices, non-manifold edges,

and boundary edges. Catle(4K), Hand(8K), Flower(35K) are simulated scans using Blensor. Kids(200K) and Horse(1200K) are

real scans courtesy of LGG and EPFL.

run the Filmsticking step once to pull all the points onto the surface. In this way, the computation gets a great
speed-up for a large-size point cloud.

7.9 Tests on multiple datasets

Thingi10K. We randomly selected 200 models from Thingi10K [Zhou and Jacobson 2016] and generated 10K
points by Blensor. We run our algorithm on the simulated scans and no failure case was found - all the outputs
are watertight manifold. The average Hausdorf error for the 200 models is 0.97 × 10−3 (the whole model is
normalized to [0,1]×[0,1]×[0,1]). The average running time is 4.76 seconds. More results can be found in the
supplemental material.
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(a) Input (b) SPR (c) P2M (c) P2S (d) PTN (e) SS (f) BP (g) Greedy (h) Ours

Fig. 24. Test robustness to noise, outliers, and missing data. Our algorithm is much beter than the other 7 methods. Courtesy

of LGG and EPFL.

Method Cattle:4K Hand:8K Flower:35K Kids:200k Horse:1200K

SPR 0.682 1.537 2.646 5.463 10.825
P2M 3451.982 3293.732 3384.013 4924.681 7350.864
P2S 317.771 333.139 363.030 372.048 546.837
PTN 12.664 31.664 130.448 4007.943 27227.101
SS 0.169 0.437 1.773 8.674 50.814
BP 0.079 0.142 2.426 35.089 4374.711
Greedy 0.088 0.243 0.97 9.468 119.44
Ours 0.793 2.827 17.863 78.755 48.783+47

Table 2. Run-time performance comparison. For the Horse model, we down-sample the original point cloud from 1200K

points to 100K points. Ater reconstructing a surface for the 100K points, we run the Filmsticking step once to pull all the

points onto the surface.

Large-size point clouds. There is a dataset [Aanñs et al. 2016] that contains large-size point clouds (scanned
from 40 real objects). It is necessary to test if our algorithm can handle large-size data. For each model, we select
a single view stereo scan for the test, whose size ranges from 1000K to 4000K. If we directly run our algorithm on
the large-size point cloud, it needs about 3.5 hours to inish the reconstruction. Part of the results is shown in
Figure 27. More results can be found in the supplemental material. As mentioned above, we can down-sample the
original point cloud to 100K points, and attract all the points to the guiding surface by one Filmsticking operation.
In this way, the total running time can be reduced to about one hour but achieves almost the same result. Our
algorithm, in its current form, is unoptimized and has a great potential to be further speeded up.

Human data. We also tested our algorithm on the human dataset [Bogo et al. 2017]. We used Monte-Carlo
sampling to generate 40K points with an irregular distribution. Part of the results is visualized in Figure 28. The
average Hausdorf distance is 0.72 × 10−3 for the dataset. More results can be found in the supplemental material.
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(a) Our result for real scans.

(b) Process of our algorithm.

Fig. 25. (a) Reconstruction from real scans. The first row shows the ground truth digital models. The second row shows the

snapshots of the 3D-printed objects. The third row shows the real scans by the Go!SCAN 3D G2 white light scanner. The

last row shows our reconstructed results. (b) By alternately performing the Filmsticking step and the Sculpting step, our

algorithm gradually eliminates noise.

7.10 Comparison between our method and [Khoury and Shewchuk 2016]

The contributions of [Khoury and Shewchuk 2016] are mainly on the theoretical side. It proves that if the
points, sampled from the base surface G, are suiciently dense, then the dual of G-RVD gives another manifold
triangulation of G. In implementation, [Khoury and Shewchuk 2016] suggests directly computing all the triangles
that might be in a ixed-point triangulation, but it still heavily depends on the point density. To our best knowledge,
nearly all the existing interpolation based reconstruction approaches depend on the point density. The main
contribution of our paper lies in eliminating the unreasonable requirement. In Figure 29, we test [Khoury and
Shewchuk 2016] by tuning the sampling density. In the case of 500 sample points, their algorithm misses most of
target triangles. If we increase the number of sample points to 7000, there are still some triangles missing, which
is due to the fact that it is hard to meet the LFS sampling condition on a thin-sheet model. More results can be
found in the supplemental material.
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SPR P2M P2S PTN SS BP Greedy Ours
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Fig. 26. Real scan for Scater diagram. We test 8 models from the real scan, X axis is the Hausdorf error from the original

model, and the axis Y is the runtime.

8 LIMITATIONS

Our algorithm, in its current form, has three limitations. First, in some rare cases, our algorithm may remove all
the points in Filmsticking or delete all tetrahedral elements in Sculpting, resulting an empty mesh. This may
occur when all the points are co-planar or the points are far from a reasonable sampling; See the inset igure.

Second, currently, we distinguish the interior of the guiding surface from the exte-
rior based on winding number. An overly severe noisy point cloud may lead to an
unwanted surface. Third, for large-size point clouds (e.g. more than 1000K points), the
computational cost is relatively high. We shall further develop speedup strategies in the
future.

9 CONCLUSION AND FUTURE WORK

In this paper, we take a point cloud, free of normals, as the input, and use a guiding surface to help explicit surface
reconstruction. Starting from a simple bounding sphere, we repeatedly evolve the guiding surface and chip away
the unexpected spacing between the guiding surface and the underlying geometry. Throughout our algorithm,
the guiding surface remains a watertight manifold mesh. Statistics show that our algorithm outperforms the
state-of-the-art in terms of various evaluation indicators.
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