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Fig. 1. Given a point cloud without normals (a) that sparsely samples a thin Helmet (from [Laric 2012], 100K samples), the state-of-the-art normal estimation
method [Lin et al. 2024] results in a “holy” helmet (b), while the latest learning-based reconstruction method [Erler et al. 2024] smears the facial features (c).
Our method (NN-VIPSS) closely approximates the ground truth (e). Close-up views show a cross-section of the surface.

Surface reconstruction from points is a fundamental problem in computer

graphics. While numerous methods have been proposed, it remains chal-

lenging to reconstruct from sparse and non-uniform point distributions,

particularly when normals are absent. We present a robust and scalable

method for reconstructing an implicit surface from points without normals.

By exploring the locality of natural neighborhoods, we propose local re-

formulations of a previous global method, known for its ability to surface

sparse points but high computational cost, thereby significantly improving

its scalability while retaining its robustness. Experiments show that our

method achieves comparable speed to existing reconstruction methods on

large inputs while producing fewer artifacts in under-sampled regions.
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1 Introduction
Reconstructing 3D surfaces from scattered points is a fundamental

problem in computer graphics and has been extensively studied

in the last few decades [Berger et al. 2017]. A common approach

is to formulate the reconstruction problem as finding an implicit
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function whose zero level set represents the surface. The implicit

approach enjoys several benefits, such as flexibility in dealing with

arbitrary surface topology, ensuring a smooth and manifold out-

put, and convenience for volumetric operations such as offsets and

booleans.

Traditional implicit reconstruction methods, such as the popular

Screened Poisson Reconstruction (SPR) [Kazhdan and Hoppe 2013],

require normal vectors in addition to point locations. However, such

information may not always be available or accurate, in which case

it is necessary to estimate normals prior to reconstruction. While

many methods exist for normal estimation, the problem remains

challenging when the density of points is too low relative to the size

of shape features (e.g., Figure 1 (a)). Incorrect normals, in turn, lead

to surface artifacts (e.g., Figure 1 (b)). While data-driven methods

for implicit reconstruction have shown great promise, they struggle

with capturing fine features from sparse samples (e.g., Figure 1 (c)).

We review these methods in more details in Section 2.

We present a new implicit reconstruction method that does not

require normals and can more robustly deal with sparse and non-

uniform point distributions. Our method builds on the Variational
Implicit Point Set Surface (VIPSS) method of Huang et al. [2019],

which produces a smooth signed-distance-like function via global

optimization. Specifically, it solves for the Hermite data (a scalar

and an unit vector) at each input point such that a smooth function

interpolating the data at all points (theDuchon’s interpolant [Duchon
1977]) minimizes a second-order distortion measure (the Duchon’s
energy [Duchon 1977]). Thanks to the global nature of both the

interpolant and energy, VIPSS excels at surfacing very sparse points.

Unfortunately, the method has a high complexity (cubic in the input

size) and is impractical for inputs beyond a few thousand points.

In this paper, we propose a variant of VIPSS that can scale to

hundreds of thousands of points. Our idea is to reformulate both the
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interpolant and energy so that they can be locally computed. Specif-
ically, we approximate the global Duchon's interpolant by blending
local interpolants, each de�ned over thenatural neighborsof a point
� edge neighbors in the Delaunay Triangulation. By adoptingNatu-
ral Neighbor Coordinates(NNC) [Sibson 1980] as blending weights,
we show that our blended interpolant, calledNatural-Neighbor-
Duchon(NND) interpolant, retains the key strengths of Duchon's
interpolant, including interpolation, smoothness, and robustness
against sparse and non-uniform point distributions. The blended
form gives rise to a localized energy de�nition in lieu of Duchon's
energy, which in turn leads to a new variational problem that can
be locally constructed and solved.

Our method, calledNatural-Neighbor-VIPSS(NN-VIPSS), retains
several features of VIPSS. It involves a single parameter that needs
to be tuned (_), which balances �tting accuracy with surface smooth-
ness. In particular, the implicit surface exactly interpolates all points
at _ = 0. Except for the surfacing step, our method does not in-
volve any spatial discretization (such as octrees). Furthermore, our
method reproduces linear geometry and commutes with similarity
transformations. Our experiments showed that NN-VIPSS performs
as robustly as VIPSS on small-sized, sparse or non-uniform point
sets, but with signi�cantly improved speed and scalable to much
larger inputs (we tested up to one million points). Compared to
existing reconstruction methods, NN-VIPSS achieves comparable
speed but shows greater robustness in under-sampled regions (e.g.,
Figure 1 (d)).

The rest of the paper is organized as follows. After reviewing re-
lated works on surface reconstruction (Section 2), we recall concepts
and methods that our method builds on (Section 3). The technical
discussion starts with a motivation and overview of our method
(Section 4), followed by details on our proposed interpolant (Section
5) and variational method (Section 6), and ends with a discussion
on asymptotic complexity (Section 7). Finally, we present the exper-
imental results (Section 8) and discuss limitations (Section 9).

2 Related Works

2.1 Sca�ered data interpolation
Closely related to surface reconstruction, scattered data interpo-
lation is the problem of constructing a function (interpolant) that
interpolates given data (values, derivatives, etc.) at scattered points
in space. There is a rich literature on the subject; see for example
[Anjyo et al. 2014; Wendland 2004]. We brie�y review two tech-
niques that are most related to our work.

2.1.1 Natural Neighbor Interpolation.One way to interpolate scat-
tered data is by taking weighted sum of data associated with input
points near the query location. A popular choice of such weights
it the Natural Neighbor Coordinates (NNC) introduced by Sibson
[Sibson 1980], which are de�ned using the Voronoi Diagram of
the input and query points (see details in Section 3.2). The NNC-
weighted sum of scalar data has several desirable properties as an
interpolant, such as exact interpolation, reproducing constant and
linear functions, being smooth (except at the input points), and local
computations (due to the locality of natural neighbors). To improve
the smoothness of NNC at input points, various higher-order ex-
tensions of NNC have been proposed, such as the� 1 coordinates of

Sibson [Sibson 1981] and Farin [Farin 1990] and the� 2 coordinates
of Hiyoshi [Hiyoshi and Sugihara 2004]. These coordinates allow
interpolation of not only values, but also derivatives at input points.
We refer readers to [Bobach 2009] for an excellent survey on the
topic of natural-neighbor-based interpolation.

Instead of taking weighted sum of data, we blend local functions
using NNC as blending weights. By choosing suitable local func-
tions, our interpolant achieves smooth interpolation of Hermite data
without using higher-order coordinates. Besides, we observed that
our blended Hermite interpolant produces less undulations than
interpolation using higher-order variants of NNC (see Figure 5).

2.1.2 Radial Basis Functions (RBF).An RBF interpolant consists of
weighted sum of radial kernels centered at the points, where the
weights (calledcoe�cients) are found by solving a linear system de-
�ned by the given scalar data. RBF can be generalized to interpolate
Hermite data, known as Hermite RBF (or HRBF), to which Duchon's
interpolant belong (see details in Section 3.3). We refer readers to
books [Buhmann 2003; Wendland 2004] for in-depth discussions on
theoretical and computational aspects of RBF.

With globally supported kernels, (H)RBF can be computation-
ally expensive to solve and evaluate when the point number is
large. While compactly supported kernels (e.g., Wendland's func-
tions [Wendland 1995]) can reduce complexity, they are not suited
for interpolating sparse samples due to the limited support (e.g., Fig-
ure 5 (f)). The Fast Multipole Method (FMM) accelerates evaluations
of globally supported kernels using far-�eld expansions, and it can
achieve impressive speed-up in asymptotic complexity [Greengard
and Rokhlin 1987]. However, the practical overhead of FMM can be
signi�cant for large inputs. For example, [Carr et al. 2001] reports
over three hours for solving RBF at 80K points, and more recently
[Zhong et al. 2020] reports more than 6 minutes to solve HRBF at
60K points. In contrast, our interpolant takes just a few minutes to
solve for a million points (see Figure 16 and Table 5).

Another way to speed up RBF is to usepartition-of-unity [Franke
and Nielson 1980]. This approach uses a set of overlapping sub-
domains and de�nes an RBF interpolant over points inside each
subdomain. These local interpolants are then blended using smooth
weights that vanish outside each subdomain and have unit sum. Ex-
isting methods typically use disks or boxes as subdomains [Franke
1982; Wendland 2004], constructed such that each subdomain con-
tains a bounded number of points. However, similar to the use of
kernels with compact support, the use of �xed-size subdomains
reduces the ability to interpolate data across large gaps.

We follow the same partition-of-unity approach to approximate
Duchon's interpolant but replace the �xed-size subdomains with the
natural neighborhood around each point. This choice is motivated
in part by the piecewise structure of Duchon's interpolant in 1D
and in part by the adaptivity of natural neighborhoods to point dis-
tributions. Using NNC as blending weights, our blended interpolant
was found to closely approximate Duchon's interpolant, even for
sparse and non-uniform data (Figures 5 and 7), while maintaining
locality in computation.
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2.2 Implicit surface reconstruction
We brie�y review methods that, like ours, reconstruct a surface
as the zero level set of an implicit function. Besides the implicit
approach, the surface can be reconstructed using explicit approaches,
such as Delaunay triangulation [Amenta et al. 2001; Bernardini et al.
1999; Dey and Goswami 2003] and mesh deformation [Hanocka et al.
2020]. We refer readers to surveys [Berger et al. 2017; Huang et al.
2024] for comprehensive discussions on surface reconstruction.

2.2.1 Points with normals.Given normal vectors associated with
points, many methods aim at reconstructing a signed-distance-like
function whose gradient at each point aligns with the given normal.
The partition-of-unity approach was used to blend linear functions
[Boissonnat and Cazals 2002; Hoppe et al. 1992] and polynomials
[Ohtake et al. 2003a] de�ned in local neighborhoods. Moving Least
Squares (MLS) solves for a local polynomialperspatial location that
�ts nearby samples and normals [Dey and Sun 2005; Guennebaud
and Gross 2007; Kolluri 2008; Öztireli et al. 2009; Shen et al. 2004].
Both RBF and HRBF have been used, with the former applied to o�set
points in the normal directions with signed values [Carr et al. 2001;
Dinh et al. 2002; Morse et al. 2001; Ohtake et al. 2003b; Samozino
et al. 2006; Turk and O'Brien 2002; Walder et al. 2007] and the latter
interpolating normals vectors and zero values [Brazil et al. 2010;
Ijiri et al. 2013; Liu et al. 2016].

Another class of methods reconstruct an �indicator function�,
which is 1 (resp. 0) in the interior (resp. exterior) of the shape. The
Poisson Reconstruction method [Kazhdan et al. 2006] and its vari-
ants [Kazhdan and Hoppe 2013; Manson et al. 2008; Pan and Skala
2012; Taubin 2012] solve the Poisson equation guided by a smooth
vector �eld obtained from the normals. Methods like [Barill et al.
2018; Lu et al. 2018] reconstruct the electric potential �eld de�ned by
dipoles, also known asgeneralized winding numbers. While being ef-
�cient and producing smooth surfaces, these methods are not suited
for downstream tasks that require distances and gradients away
from the surfaces (e.g., computing o�sets or volume rendering). In
addition, we found that these methods may not handle sparse inputs
or missing points as robustly as global interpolation methods, such
as HRBF (see Figure 8).

2.2.2 Points without normals.One way to deal with the lack of
normals is to �rst compute an unsigned distance �eld and thensign
the �eld afterwards [Giraudot et al. 2013; Hornung and Kobbelt
2006; Mullen et al. 2010; Poranne et al. 2010]. However, inferring an
accurate unsigned distance function is a challenging problem itself,
and a dense sampling is often required. Additionally, the two-step
approach increases the complexity of implementation as well as the
number of parameters.

Other methods, like ours, compute the implicit function in a sin-
gle step by solving a variational problem [Alliez et al. 2007; Lu et al.
2005; Schölkopf et al. 2004; Walder et al. 2005; Zhao et al. 2001].
The optimization objective includes �tting accuracy and various
regularization terms to encourage smooth surfaces while avoiding
the trivial (constant zero) solution. Some of them require domain
discretization [Alliez et al. 2007; Lu et al. 2005; Zhao et al. 2001] or
numerical integration [Walder et al. 2005], and all involve multiple
parameters to tune. In contrast, the variational method of [Huang

et al. 2019] involves a single parameter that controls the amount of
approximation (zero for exact interpolation), requires no discretiza-
tion or integration, and was shown to be more robust in surfacing
sparse points than previous variational methods. Its main drawback,
which we address in this paper, is its prohibitive computational cost
(see details in Section 3.3).

Implicit functions, such as occupancy function or signed distance
functions (SDFs), can also be obtained directly from point clouds
using data-driven methods [Chen and Zhang 2019; Mescheder et al.
2019]. In particular, recent methods such as [Erler et al. 2024, 2020]
improve the generalizability of previous approaches by combining
learned priors at both global and local levels. However, handling
sparse samples and capturing �ne features remain challenging for
learning-based methods, as we show in Figures 1 (d) and 15.

2.2.3 Normal estimation.Given a point cloud, normal vectors can
be estimated in two phases, a local phase that computes an un-
oriented line direction at each point based on its local neighborhood,
and a global phase that obtains a consistent orientation among all
points. The un-oriented directions can be obtained by locally �tting
planes [Hoppe et al. 1992] or polynomials [Cazals and Pouget 2003;
Guennebaud and Gross 2007], or by analyzing the shape of Voronoi
cells [Alliez et al. 2007; Merigot et al. 2011]. While robustness can
be improved for noisy samples [Mitra et al. 2004] and around sharp
features [Boulch and Marlet 2012; Li et al. 2010] by choosing suit-
able local neighborhoods, obtaining correct directions on sparse
samples remains di�cult. Approaches for the global phase include
computing the Minimum Spanning Tree [Hoppe et al. 1992], itera-
tive propagation [Metzer et al. 2021], and global optimization [Ma
et al. 2024; Schertler et al. 2017; Xiao et al. 2023]. As errors in un-
oriented directions generally cannot be corrected by �ipping the
orientations, handling sparse samples is inherently challenging for
the two-phase approach.

Other methods estimate oriented normal vectors in a single phase
via global optimization [Hou et al. 2022; Lin et al. 2024, 2022; Wang
et al. 2011; Xu et al. 2023]. Many of these methods simultaneously
solve for the normals and an implicit function, and their objectives
are based on characteristics of an indicator function, such as a �xed
value (0.5) at each point [Lin et al. 2024, 2022], bimodal distribution
of values (around 0 and 1) elsewhere [Xu et al. 2023], and normal-
aligned gradients at input points [Hou et al. 2022; Lin et al. 2024].
These variational methods show greatly improved robustness over
two-phase approaches. However, we found in our experiments that
these methods still struggle in sparsely sampled regions (e.g., Figure
1 (b) and more in Section 8).

3 Preliminaries
To make the paper self-contained, we brie�y review the fundamen-
tal concepts and detail two prior methods that our work builds upon,
namely Sibson's Natural Neighbor Coordinates [Sibson 1980] (Sec-
tion 3.2) and the variational reconstruction method, VIPSS [Huang
et al. 2019] (Section 3.3).
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3.1 Voronoi Diagram, Delaunay Triangulations, and
natural neighbors

Given a �nite set of points- = fG1• ” ” ” • G=gin R3 , theVoronoi cellof
eachG8consists of all locations that are no further fromG8 than from
any otherG9 2 - (9< 8). Each Voronoi cell is a convex polyhedron,
and the union of all Voronoi cells and their boundary facets is the
Voronoi Diagram(VD) of- . The dual of VD of- is theDelaunay
Triangulation(DT) of- , which consists of3-dimensional simplices
(e.g., edges, triangles and tetrahedra for3 = 1•2•3) that form a
disjoint partitioning of the convex hull of- . Each: -dimensional
element of DT corresponds to a¹3 � : º-dimensional element of VD.

The natural neighborsof G8 2 - is the set of pointsG9 2 -
whose Voronoi cells share common facets with the Voronoi cell
of G8. Equivalently, each suchG9 is connected toG8 by a DT edge.
Intuitively, G9 is a natural neighbor ofG8 if and only if there exists a
3-sphere withG8• G9 on the sphere and no other point of- inside.
Figure 2 shows the VD (a) and DT (b) of a set of points in 2D,
highlighting a point (green) and its natural neighbors (red).

3.2 Natural Neighbor Coordinates
Natural Neighbor Coordinates (NNC) were introduced by Sibson
[Sibson 1980] to smoothly and locally interpolate scattered (scalar)
data. Given scalar valuesB8 associated with each pointG8 2 - , a
scalar function can be de�ned as a weighted sum5¹Gº =

Í =
8=1F8¹GºB8.

For a pointGinside the convex hull of- , Sibson de�nes the weight
functionF8¹Gº as the volume fraction of the Voronoi cell ofGin the
VD of the union set- [ f Gg that comes from the Voronoi cell ofG8
in the VD of- . That is,

F8¹Gº =
E>;¹+- ¹G8º \ +- [f Gg¹Gºº

E>;¹+- [f Gg¹Gºº
(1)

where+- ¹G8º denotes the Voronoi cell ofG8 in the VD of- . In the
illustration in Figure 2 (c), the intersection region in the numerator
of Equation 1 is shaded.. NNC have several properties that make
them ideal for scattered data interpolation, including partition of
unity (i.e.,

Í =
8=1F8¹Gº = 1), Lagrange property (i.e.,F8¹G8º = 1 and

F 9¹G8º = 0 for any 9< 8), linear reproduction (i.e.,
Í =

8=1F8¹GºG8 =
G), � 3� 1 continuity except at the points- (where they are� 0), and
local support.

The Voronoi cell+- [f Gg¹Gº has an in�nite volume whenGlies
outside the convex hull of- , where NNC become unde�ned. To
extend NNC beyond the convex hull, a simple strategy is to addghost
pointsto expand the convex hull [Bobach 2009]. These ghost points,
denoted by. and located on a convex shape that encloses- , are not
associated with any Hermite data and hence have zero coordinates.
To maintain a partition of unity, NNC can be modi�ed so that the
denominator in Equation 1 only considers the contributions from
Voronoi cells of the input pointsG8 2 - :

F8¹Gº =
E>;¹+- 0¹G8º \ +- 0[f Gg¹Gºº

Í
8E>;¹+- 0¹G8º \ +- 0[f Gg¹Gºº

• (2)

where- 0 = - [ . . It can be veri�ed that the modi�cation retains
all properties of NNC in the larger convex hull of Y, except linear
reproduction, which is lost whenG's natural neighbors include ghost

Fig. 2. The Voronoi Diagram (a) and Delaunary Triangulation (b) of 2D
points, highlighting a point (green) and its natural neighbors (red), and an
illustration for Natural Neighbor Coordinates (c).

points. In this paper, we call the modi�ed weights in Equation 2 the
extended NNC.

3.3 VIPSS
The idea behind [Huang et al. 2019] is to �nd a smooth, signed-
distance-like implicit function whose zero level set approximates
the input points- . By representing the function as a Hermite in-
terpolant, the problem can be formulated as seeking the Hermite
data consisting of scalars( = fB1• ” ” ” •B=g and unit-length vectors
� = f61• ” ” ” •6=g that minimizes the squared scalars (�tting term)
and non-smoothness of the interpolant (regularization term)1:

Minimizes: ( ) ( ¸ _ � ¹5(•� º

Subject to: 68
) 68 = 1• 88= 1• ” ” ” •=

(3)

Here,5(•� is a function that interpolatesf (• � g (i.e., values and gra-
dients of5(•� arefB8•68gat eachG8), � is some energy that measures
the non-smoothness of a function, and_ is the balancing weight.
Once the solution Hermite dataf ( � • � � g is found, its interpolant
5( � •� � is the reconstructed implicit function.

The two key ingredients in this formulation are the Hermite in-
terpolant 5(•� and the energy� . For the former, Huang et al. [2019]
adopts theDuchon's interpolant[Duchon 1977], which excels at
smoothly interpolating sparse samples. The interpolant is repre-
sented as HRBF with a globally supported kernel,

5(•� ¹xº =
=Õ

8=1

08q¹G• G8º ¸
=Õ

8=1

1)
8 � 0•1q¹G• G8º ¸ ?) - ¸ @ (4)

whereq¹G•~º = kG� ~k3 is the triharmonic kernel,� is the deriva-
tive operator (� 8•9q¹G•~º takes the8-th and 9-th partial derivatives
of q w.r.t. Gand~), and coe�cients08 2 R•18 2 R3• ? 2 R3•@2 R
are determined by Hermite dataf (• � gvia a system of linear equa-
tions that enforces interpolation (5(•� ¹G8º = B8• �5(•� ¹G8º = 68 for
all 8) and additional constraints necessary for the existence of a

1All vectors in this paper are assumed to be column vectors.
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unique solution (
Í

808 = 0 and
Í

808G8 ¸
Í

818 = 0):
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Here,� = f01• ” ” ” • 0=g, � is the �attened array off11• ” ” ” •1=g, and
� is the �attened array off61• ” ” ” •6=g. The matrix" , a symmetric
matrix of length ¹3 ¸ 1º¹= ¸ 1º, is known as theinterpolation matrix.

For the energy� , Huang et al. adopts theDuchon's energy[Duchon
1977], a 2nd-order integral measure that generalizes the 1-dimensional
thin plate energy. Given Hermite dataf (• � g, Duchon's energy is
minimized by the Duchon's interpolant de�ned above. Furthermore,
the minimal energy has a simple closed form:

� ¹5(•� º =
�
( ) � )

�
�

�
(
�

�
• (6)

where� is the top-left block of length¹3¸ 1º= in " � 1. This simpli�es
the objective in Equation 3 to a quadratic function off (• � g,

( ) ( ¸ _
�
( ) � )

�
�

�
(
�

�
(7)

The global nature of both Duchon's interpolant and Duchon's
energy allows VIPSS to robustly surface sparse and non-uniformly
distributed points. However, it also leads to a high computational
cost. In particular, constructing the matrix� in Equation 7 involves
inverting the interpolation matrix" , a dense matrix of size$ ¹=2º,
which takes$ ¹=3º time. The optimization solver takes$ ¹=2º time in
each iteration to compute the objective and gradient. Quadratic com-
plexity also applies to the construction of the Duchon's interpolant
from the solved Hermite data, which involves solving Equation 5
by multiplying the rhs with the already computed" � 1. The high
complexity limits the practical use of VIPSS to just a few thousand
points, beyond which it quickly becomes too time-consuming.

4 Motivation and overview
To scale up variational reconstruction, our idea is to replace the
global interpolant and energy in the variational formulation of
VIPSS (Equation 3) with ones that can be locally computed, without
compromising its ability to handle sparse and non-uniform point
distributions.

Our local formulations are motivated by observing the piecewise
structure in Duchon's interpolant in one dimension (3 = 1), which
leads to signi�cantly lower computational complexity. In this case,
Duchon's interpolant is thepiecewise cubic Hermite Spline, where
each piece is a cubic function interpolating the values and deriva-
tives between two adjacent points � precisely Duchon's interpolant
over those two points (see Figure 3 (a)). Constructing the (global)
interpolant over all points therefore amounts to constructing the
= � 1 (local) two-point interpolants, which takes linear time instead
of quadratic for the global interpolant.

Furthermore, Duchon's energy of the global interpolant can also
be replaced by thesumof energy of local, two-point interpolants.
This is because Duchon's interpolant in 1D is only non-linear within
the interval spanned by the input points, and the intervals between
successive points form a disjoint partition of the interval spanned by

Fig. 3. Duchon's interpolant in 1D (gray curve) of values and derivatives
(black circles and lines) overlaid with Duchon's interpolants of a pair (a)
and two triples (b) of consecutive data points.

all points. The summative form of energy takes linear time to con-
struct or evaluate, in contrast to the cubic or quadratic complexity
to perform the same tasks using the original Duchon's energy.

Unfortunately, Duchon's interpolant in higher dimensions no
longer possesses a simple piecewise structure. To this end, we intro-
duce a new Hermite interpolant that closely approximates Duchon's
interpolant but can be locally computed (Section 5). The new inter-
polant has a semi-piecewise structure that gives rises to a summative
energy de�nition, which enables local computations for variational
reconstruction (Section 6). We end the technical discussion by a
complexity analysis of our method (Section 7).

5 Hermite interpolation

Given points- = fG1• ” ” ” • G=g in R3 associated with scalars( =
fB1• ” ” ” •B=gand vectors� = f61• ” ” ” •6=g, we seek a smooth Hermite
interpolant whose value and gradient at each pointG8 coincide with
B8 and68. The energy of this interpolant will be used as a regularizer
in our variational problem (see next section), and the interpolant of
the optimized Hermite data will be the reconstruction output.

Ideally, the Hermite interpolant should robustly handle sparse
and non-uniform samples, like Duchon's interpolant, but can be
locally constructed. Our de�nition is motivated by the piecewise
structure of Duchon's interpolant in 1D. There, the global Duchon's
interpolant over all points is made up of local Duchon's interpolants
over pairs of consecutive points. Moving to higher dimensions, we
de�ne local Duchon's interpolants oversubsetsof the input points
(Section 5.1). These local interpolants are thenblendedin a partition-
of-unity approach to be our �nal interpolant (Section 5.2).

5.1 Defining local interpolants
The building blocks of our interpolant are Duchon's interpolants
over subsets- 8 � - . Our choice of the subsets is guided by two
considerations. On one hand, to achieve locality, the size of each
subset should be as small as possible. On the other hand, to en-
able blending, the space spanned by each subset (i.e., its �support�)
should be large enough to cover the domain with su�cient overlaps
between neighboring subsets.

As a motivating example, let's consider the one-dimensional case
again. As discussed previously, Duchon's interpolant de�ned over
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