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Figure 1. Our proposed method reconstructs detailed 3D surfaces using CVT that adapts to the reconstructed geometry.

Abstract

Volumetric shape representations have become ubiqui-
tous in multi-view reconstruction tasks. They often build on
regular voxel grids as discrete representations of 3D shape
functions, such as SDF or radiance fields, either as the full
shape model or as sampled instantiations of continuous rep-
resentations, as with neural networks. Despite their proven
efficiency, voxel representations come with the precision
versus complexity trade-off. This inherent limitation can
significantly impact performance when moving away from
simple and uncluttered scenes. In this paper we investigate
an alternative discretization strategy with the Centroidal
Voronoi Tessellation (CVT). CVTs allow to better partition
the observation space with respect to shape occupancy and
to focus the discretization around shape surfaces. To lever-
age this discretization strategy for multi-view reconstruc-
tion, we introduce a volumetric optimization framework that
combines explicit SDF fields with a shallow color network,
in order to estimate 3D shape properties over tetrahedral
grids. Experimental results with Chamfer statistics validate
this approach with unprecedented reconstruction quality on
various scenarios such as objects, open scenes or human.

1. Introduction

The 3D digitization of real-world objects is a founda-
tional element for future technologies, that has motivated
extensive research in recent decades. Among the primary

solutions, multi-view capture systems have arisen as key
tools to generate high-quality shape and appearance models
of 3D scenes. Despite their effectiveness, the reconstruction
of detailed geometry from multiple high-resolution images
remains a challenging task due to the inherent ambiguities
and complexity in the visual observations.

In multi-view 3D reconstruction, volumetric shape rep-
resentations are increasingly prevalent, e.g. [15, 21, 33, 35].
This is in part due to their ability to relate shape properties
to image observations through differential rendering. This
has been extensively leveraged, particularly with networks,
typically MLPs, which are trained to model shape geome-
try or appearance that best explain the image observations
under photometric losses.

In the seminal work NeRF [21], volumetric radiance
fields are estimated by integrating color and opacity along
pixel rays. While this method produces highly realistic new
viewpoints, the associated geometry extracted from opac-
ity boundaries is artifact-ridden. Subsequent works, such as
NeuS [33], address this by explicitly parametrizing the sur-
face and its properties with signed distance fields, though
they struggle to achieve the same image quality as volumet-
ric radiance fields. Hybrid methods that combine explicit
SDF grids with shallow networks for color offer benefits
in both geometry and appearance modelling [29, 35]. Yet,
the majority of such methods rely on some form of regu-
lar axis-aligned grids to discretize 3D observation spaces
and are therefore sensitive to the inherently poor quality-
to-parsimony trade-off of these representations. Moreover,
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regular grids result in sub-optimal meshes when paired with
the Marching Cubes algorithm [19] ubiquitously used for
explicit mesh surface conversion.

Voxel grids uniformly discretize the observation space,
regardless of the shape’s location. Consequently, increasing
resolution specifically near the shape surface requires non-
trivial specializations. Octrees and HashMaps [15, 34] of-
fer hierarchical space discretization, but their dynamic up-
date during optimization and raymarching is cumbersome
as they cannot straightforwardly follow the deformation
during surface updates. Instead, we explore a hierarchical
tetrahedral discretization guided by the Centroidal Voronoi
Tesselation (CVT) algorithm. CVTs yield provably opti-
mal discretizations and exhibit noteworthy advantages in
our context: (i) Efficient ray marching along rays through
tetrahedra; (ii) The ability to hierarchically up-sample and
deform tetrahedral grids in adaptive fashion w.r.t the en-
coded shape surface.

As conventional 3D convolution or automatic differenti-
ation do not easily extend to such non-uniform cell com-
plexes, we here develop a complete representation and
methodology to encode and optimise 3D fields over them.
Specifically, given multiple images of a scene, our approach
jointly optimizes a hierarchical CVT discretization with an
associated neural field. The dual of the CVT defines a tetra-
hedral grid over which SDF and color feature values are
stored. Images are rendered by sampling along pixel ray,
with SDF and feature values interpolated at the sampled
points. A color network is trained to predict the colors at
sample points based on the interpolated features. We show
that feature extraction and gradient back-propagation along
rays can be efficiently performed over the tetrahedral dual
of the CVT. Our hierarchical approach up-samples the CVT,
after neural field convergence, at increasing levels of details,
with a tenfold difference in grid resolution between subse-
quent levels.

We target several applications representative of differ-
ent reconstruction scenarios such as objects, open scenes
or humans and evaluate our method with Chamfer error
statistics. Our experiments on public datasets like Blend-
edMVS [36] and 4D Human Outfit [2] demonstrate that
this strategy yields significantly more reconstruction detail
when compared to SOTA techniques with equivalent time
and primitive budgets. Our main contributions are: (1) in-
troducing CVT discretization for neural fields in multi-view
reconstruction; (2) an implicit CVT optimization method
that adapts to the optimized SDF field; (3) proposing an as-
sociated fast optimization framework.

2. Related works
Neural radiance fields have been a highly active topic

in recent research. Initially popularized for the problem of
image-based rendering by NeRF [21], it has been immedi-

ately explored by the community as a way to approach the
multi-view 3d reconstruction problem [37]. NeRF relies on
an implicitly parameterized neural function to approximate
the plenoptic function [12], and leverages volumetric dif-
ferential rendering [18] to optimize the neural parameters.
While providing volumetric continuity in the observation
space, the neural optimization proved initially slow and in-
efficient for accurate and detailed surface geometry extrac-
tion, leading to several research threads of improvement.

More detailed volumes have been pursued by addressing
limitations of neural field representations, e.g. in the fre-
quency domain with Mip-Nerf [3,5], in the bounded restric-
tion of the spatial domain for background inclusion with
Nerf++ [39], or both [4]. They do not however trivially
transpose to higher detail surface extraction as proposed.

Surface-based representations were introduced to ad-
dress volumetric approaches’ inherently limited ability to
encode continuous shape surfaces. While UNISURF [23]
centered its representation on occupancy to this goal, in-
ference based on signed distance fields (SDF) [24] proved
more successful, as initially explored by IDR [37], and
later improved by Neus [33] by modeling shape uncertainty
through a local volume integration around the main surface
mode with a Gaussian opacity profile, which remains com-
petitive to this day and serves as a key benchmark.

Computational efficiency has been an essential topic to
bring Nerf and derivatives to a more usable realm than the
initial 30+ hour optimization time. Parting with the im-
plicit network representation in favor of an explicit uni-
form volumetric grid, either with a fully explicit non-
neural radiance parametrization [11], or using shallow net-
works parametrized by grid features embedded in the vol-
ume [27, 30] or onto coordinate-projected hyperplanes for
parameter dimensionality reduction [6, 7, 10], have been
central ideas leading to computational time improvements
of several orders of magnitude. Of particular interest to
us are the attempts to spatially sparsify and hierarchize
the volume to focus resources on shape boundaries, using
e.g. an octree structure [16, 38], and simultaneously im-
prove representation performance through multiscale fea-
tures [22]. These order of magnitude improvements to
volumetric methods were recently transposed to the realm
of surface methods with predictive performance that is on
par [34] or improved [35]. Recent methods leverage the rep-
resentational advantage for surface extraction of extended
scenes [15]. Yet, all these representations are fundamentally
tied to an axis aligned grid core, which we show inhibits ac-
cess to even higher surface estimation performance.

Adaptive non-uniform spatial discretization. A number
of methods have explored non-uniform cell sampling or de-
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Figure 2. We propose a volumetric optimization framework that combines explicit SDF fields and learnable features with two shallow color
networks, in order to estimate 3D shape properties over tetrahedral grids.

composition of space as a way to optimally sample and
focus resources on the surface vicinity. The recent splat-
ting approaches [8, 13] for example opt for blob primitives
whose extent and positions are optimized jointly with ad-
joining opacities and colors, to explain input views. Of
particular relevance to our work, DeRF [26] optimizes a
Voronoi cell decomposition to improve overall performance
in a volumetric setting, but does not explore coarse-to-fine
and surface adaptive sampling as we propose. TetraN-
erf [14] uses a Delaunay marching structure to slightly ac-
celerate volumetric radiance field inference down to 10-
20 hours, but the decomposition is fixed, based on a pre-
computed set of COLMAP points. None of these ap-
proaches deal with surface extraction and leverage the cell
structure to efficiently perform this task, as proposed.

To provide this key improvement and still benefit from
the associated computational performance boost, we note
that two surface extraction algorithms based on CVTs [32]
were shown to significantly outperform Marching Cubes
and Delaunay Tessellation for exactly this task. The first
such variant clips the cells by looking at intersection be-
tween edges and implicit surface; and the second one re-
fines the tessellation by adding vertices at the intersection
between surface and bisector of edges. The work demon-
strates CVTs to be a regular tessellation guaranteed to be
manifold, with excellent surface accuracy achieved with a
predefined number of cells. It is also notable that effi-
cient ray-marching algorithms exist for cell-based 3D struc-
tures [1]. Our novel framework builds on these properties
to propose optimally adapted sampling of 3D space around
the surface of interest, for the purpose of neural adaptive 3D
surface reconstruction.

3. Method

Given a set of multiple images, our method jointly op-
timizes an SDF field, discretized on a hierarchical CVT,
and two view-dependent shallow color networks to predict

view-dependent color at any 3D location, inspired by re-
cent works on direct SDF optimization with uniform voxel
grids [30,35]. Those color networks are queried at sampled
points along pixel rays defined by the camera location and
random pixel coordinates.

As illustrated in the method outline (Figure 2), the first
color network takes as input a 3D location, a 3D direc-
tion vector, SDF values, a normal vector and 8-dimensional
learnable features fcse. The second network is a color re-
finement network that takes as additional input the coarse
color and uses an additional 8-dimensional learnable fea-
ture set ffine. Note that the refinement network takes the
reflected vector vr instead of the viewing direction v in or-
der for the network to focus more on specular effects.

SDF and feature values are optimized by back-
propagating a photometric loss from the sampled points to
the CVT sites. After convergence, the CVT is iteratively
refined and up-sampled non-uniformly with respect to the
current estimate of the SDF field, therefore increasing the
shape resolution at the vicinity of the shape surface.

3.1. Centroidal Voronoi Tesselation

A tessellation of a 3D space is a disjoint set of polyhe-
dron that fills the 3D space of interest. CVTs are used in
a wide range of applications, in Visual Computing and be-
yond, as it provides an elegant tool to compute a regular and
optimized discretization of the 3D space [31]. Given a set
of points, called sites, a Voronoi tessellation partitions the
space into regions around the sites and is dual to the Delau-
nay triangulation of these sites.

A Voronoi cell Vi is associated to its site xi and is
composed of all points that are closest to xi:

{p ∈ R3 / ||p− xi|| < ||p− xj ||, j ∈ [1,K], j ̸= i}

Voronoi cells are delimited by segments in 2D and con-
vex polygons in 3D that are the intersection of the bisectors
between pairs of sites. When the sites coincide with the



Figure 3. The site locations are optimized using an approximated
CVT algorithm that does not explicitly identify the Voronoi cells
(left) but consider the neighboring bisectors instead (right).

centroids of the associated cells, the tessellation is called a
Centroidal Voronoi Tessellation. Intuitively, CVT cells op-
timally partition the input domain as k-means clusters min-
imizing a variance or quantification error [9].

3.2. Coarse-to-fine Centroidal Voronoi Tesselation

Central to our proposed method is densifying the con-
tinuous Signed Distance Function (SDF) discretization near
the surface. Unlike previous work such as DMTet [28], we
do not know the true SDF. Instead, we simultaneously op-
timize both the SDF values and their discretization, which
presents a significantly greater challenge. Given a 3D re-
gion of interest, such as a bounding box, we begin with a
coarse uniform grid, for example, 16×16×16 in our exper-
iments. From this grid, a coarse initial Centroidal Voronoi
Tessellation (CVT) is generated by minimizing the CVT en-
ergy that moves the sites to the center of their cell. Addi-
tionally, we add the center of each camera as complemen-
tary sites to the CVT in order to speed-up ray-marching op-
erations, as will be elaborated on in Section 3.3.

After the optimization of the color network parameters
and of the SDF and feature values within the CVT, we up-
sample the discretization by adding a point at the center of
each surface-crossing edge of the dual of the CVT, i.e. of the
associated tetrahedral Delaunay mesh. Edges that present a
SDF value smaller than 1.5 the edge length at one end point
are also up-sampled. The CVT energy is then minimized, at
each up-sampling iteration, to ensure that the vertices are lo-
cally uniformly distributed, which is crucial to reduce sam-
pling artifacts. This process is repeated until the expected
level of details is reached.

We keep a KD-tree for each level of discretization and
compute the K-nearest neighbors of each site to enable
propagation of gradients and smoothing.

3.2.1 SDF-aware implicit CVT optimization

High quality 3D reconstructions require very fine discretiza-
tion, in practice millions of sites. At such scale, traditional
CVT optimizations, even those based on the L-BFGS quasi-
Newton method [17], become computationally prohibitive,

since the explicit boundaries of each cell must be recom-
puted every time the sites are moved. While full GPU solu-
tions have been proposed [25] they still struggle with mil-
lions of sites. In addition, we expect the CVT to adapt lo-
cally to the optimized SDF field so that the shape surface
is materialized by the Voronoi cell faces. Inspired by [20],
we propose to build an approximate CVT, with significant
computational benefits yet providing nearly equivalent be-
haviour in cell spacing. With millions of sites, computing
the exact Voronoi diagram with off-the-shelf libraries takes
about 5 minutes. Then 30 iterations of the CVT optimiza-
tion requires about 2.5 hours. With our approximated CVT,
one iteration takes about 1 second and we can run 300 iter-
ations in about 5 minutes.

As mentioned earlier, a CVT is obtained when its sites
are the centroids of the associated Voronoi diagram. Tra-
ditional algorithms iterate therefore between estimating the
Voronoi diagram and moving the sites towards the cell cen-
troids. With the aim to avoid the explicit estimation of the
Voronoi diagram when optimizing the site positions, we ob-
serve that a CVT site should be equidistant from the bor-
der of its Voronoi cells in any direction around the site (see
fig. 3). Such Voronoi cells are spanned by the bisectors
between sites. Hence we propose to define our CVT loss
using differences between distances to the neighbouring bi-
sectors, instead of distances to identified Voronoi cells. To
this purpose we randomly sample directions around a site
using two angles (Θ,Φ) and sum the distance differences to
the closest bisectors along each direction. In practice we use
N = 24 nearest neighbours1 around a site to estimate the
bisectors and sample in 3 orthogonal directions obtained by
rotating the cartesian basis with the random angles (Θ,Φ).
Note that these angles are different for each site and change
at each iteration. The CVT loss writes then

LCV T =
1

2

∑
si

∑
j=0,1,2

(d(si, ej(Θ,Φ))−d(si,−ej(Θ,Φ)))2.

(1)

{e0(Θ,Φ), e1(Θ,Φ), e2(Θ,Φ)} is the rotated cartesian ba-
sis and d() is defined as

d(si, r) = minsj∈N(si)(∥si − b(si, sj, r)∥2), (2)

where b(si, sj, r) is the distance from si to its bisector with
sj in the direction r.

In addition, in case when the SDF values of si and sj
have opposite signs we move the bisector plane so that it
lies on the 0 crossing. The intuition is that the bisectors of
the CVT cells coincide with the middle of the dual tetrahe-
dra. Thus the points that are sampled at the middle of the
segments that intersect ray and tetrahedron will lie closer to

1We re-estimate the K-nearest neighbors every 100 iterations.
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the 0 level set. As a consequence the color networks would
be optimized closer to the surface.

We implement the losses on the GPU, compute the ex-
plicit gradients and use PyTorch Adam optimizer to min-
imise LCV T with 300 iterations. After the CVT is opti-
mized, the Delaunay tetrahedra are computed to restart the
SDF and features optimization.

3.3. Differentiable rendering in a tetrahedral mesh

Differentiable rendering is a key component of volumet-
ric reconstruction strategies. In such rendering, efficient
sampling of points along pixel viewing lines is essential.
However, doing efficient sampling on non-uniform tetrahe-
dral grids requires specific algorithms.

We adapt the 32 bits tetrahedral structure proposed in [1]
for fast ray-marching. We walk through the tetrahedral
mesh and along a viewing line by: (i) finding the exit face in
the current tetrahedron; (ii) identifying the next tetrahedron.
To find the exit face we project all vertices in the plane cen-
tered at the camera center and which normal equals the ray
direction vector. Then the exit face is the face that contains
the origin in the projected coordinate system (the entry face
is not counted). See figure 4 for illustration of the process.

In contrast to [1] and [14], we include the camera centers
in the tetrahedral mesh. This way, the entry point of a ray
in the tetrahedral mesh is easily obtained as we only need to
check the tetrahedron that contains the camera center. The
output of our ray marching algorithm is a list of visited tetra-
hedra in association with their entry and exit points. To
speed up computations, we prune out all the tetrahedra that
exhibit a null contribution to the rendered image.

3.3.1 Volumetric rendering

The 3D ray (o,v) originates from the camera center o in
the direction v. When intersecting the tetrahedral grid, it is
split into n segments {s(t) = [in(t) : out(t)]|0 ≤ t ≤ n}
with non-null contribution to the accumulated color using

the output of our proposed ray-marching algorithm2. For
each segment we sample a point p(t) = in(t)+out(t)

2 at the
middle of the segment and query the color networks ggeo
and gfine at each point p(t). The color of the ray is then:

C(o,v) =

n∑
t=0

ω(t)c(p(t),v), (3)

ω(t) = α(t)T (t), (4)

T (t) =
∏
i<t

(1− αi), (5)

where C(o,v) is the estimated color for this ray, ω(t) a
weight for the point p(t), and c(p(t),v) the color at the
point p along the viewing direction v that is the output of ei-
ther ggeo or gfine. α(t) is the transmittance at tth point and
T (t) is the accumulated transmittance. Different strategies
exist to compute the transmittance, a standard one being to
use a volume rendering formulation [21]. A more efficient
strategy is to use the normalized S-density as weights [33]:

αt = clip

(
1 + e−βsdf(in(t))

1 + e−βsdf(out(t)
, 0, 1

)
, (6)

where sdf(in(t)) is the SDF at the entry point in the tth

segment and β is a scale factor that is gradually increased
during optimization. The clip function clamps the trans-
mittance value between 0 and 1. When β becomes large,
long segments may generate too small gradients as the dif-
ferences in SDF values between the entry and exit points
become too large. Consequently, we further subdivide seg-
ments that cross the surface.

The SDF values for each entry and exit points are ob-
tained by linearly interpolating the SDF values at the three
vertices of the entry and exit faces (respectively). These two
SDF values form the geometric feature fgeo of the coarse
color network. Similarly we compute the normal vectors of
the entry and exit points and add these normal vectors as
input of the refinement network.

We render colors for both the coarse and fine color net-
works and obtain the corresponding colors Cgeo

i and Cfine
i ,

respectively, at pixel i. Given the ground truth color Ci at
this pixel, we get the following photometric data term for
the SDF optimization:

Ergb =
∑

i∈[1:N ]

λ∥(Ci −Cgeo
i )∥22 + ∥(Ci −Cfine

i )∥22
(∥Ci∥2 + ϵ)

,

where λ is a weight (1 at the coarser stage then 0.5) and ϵ is
a small value (0.1 in our experiments).

3.4. SDF field regularization

While fully implicit surface representations are naturally
regularized by the weights of the neural network, special
attention is required to regularize discrete SDF fields.

2We use a maximum of n = 1024 segments per ray in our experiments.



3.4.1 Normal Smoothing

Since SDF values are linearly interpolated within a tetra-
hedron, we can express the gradient of the SDF function
within a tetrahedron as a function of the values at the tetra-
hedron’s vertices and of the spatial gradients ∇wi of the in-
terpolation weights wi. By solving a linear system in each
tetrahedron we compute the gradient vector associated to
each tetrahedron. We can then express the spatial gradient
of the SDF field inside each tetrahedron as a function of the
SDF values at the four summits.

∇sdft =
∑
i

∇wisdf(i). (7)

Each gradient ∇sdft linearly depends on the SDF values at
the 4 vertex of a tetrahedron.

We use a smoothing regulator that aligns the gradients of
the sdf and the gradients of the smoothed sdf values.

Lreg = 0.5
∑
t

(1− (
∇sdft · ∇sdft

smooth

∥∇sdft∥2∥∇sdft
smooth∥2

)2).

3.4.2 Smoothing with K nearest neighbors.

One key difficulty in using tetrahedral grid is that given a
3D point in space we cannot directly access the tetrahedra
that contains the point. As a consequence it is not possible
to average SDF values sampled uniformly around a summit
of the tetrahedral grid. In addition, the tetrahedral grid is
non uniform so simply averaging SDF values at summits of
adjacent tetrahedra creates unwanted artifacts. Therefore,
we compute the smoothed SDF values on the CVT by using
weighted average of SDF values of K-nearest sites in the
current CVT. Note that the K-nearest neighbors are com-
puted only once at each up-sampling step using the corre-
sponding KD-trees.

We also use the total variation loss defined on the edges
of the tetrahedral mesh.The final SDF gradient writes:

∂sdf

∂t
=

∂Ergb

∂t
+ wreg

∂Lreg

∂t
+ wtv

∂LTV

∂t
,

where wreg and wtv are weight factors and LTV is a total
variation loss.

4. Experiments
We evaluate the ability of our approach to reconstruct de-

tailed 3D surfaces compared with the state-of-the-art meth-
ods NeuS [33], Neus2 [34] and Voxurf [35]. We use the
code provided by the authors for both NeuS, Neus2 and
Voxurf with recommended parameters and run our experi-
ments on an RTX3090 GPU. We qualitatively and quantita-
tively evaluate our method on a subset of the BlendedMVS
dataset [36] and a subset of the 4D Human Outfit dataset [2].

4.1. Metrics

We evaluate the quality of the estimated geometry us-
ing the available ground truth 3D meshes and a point to
mesh Chamfer distance. We compute these errors from the
ground truth mesh to the predicted meshes to obtain accu-
racy Acc3 and from the predicted mesh to the ground truth
mesh to obtain completeness Compl. We clip the errors to
a maximum distance of 0.1 meter. Note that smaller values
are better for these metrics.

4.2. Experiments on BlendedMVS dataset

We used 7 scenes of the blendedMVS dataset, to evaluate
the ability of our method to reconstruct detailed geometry
by comparing to the state of the art. Two different scenar-
ios occur: uniform scenes where objects occupy most of the
bounding box, which favors in principle uniform discretiza-
tions. Second, more open scenes with significant amount
of empty space in the bounding box (Stone or Durian) to
confirm the advantage of our adaptive discretization.

We evaluate our method at the last 2 levels of densifica-
tion. Our method usually terminates with about 2M points
at lvl 5 and about 500K points at lvl 44. In comparison
VOXURF uses a uniform grid of 256 × 256 × 256 voxels,
which corresponds to about 16M points.

Table 1 shows the quantitative evaluation compared to
NeUS, NeuS2 and Voxurf. Our method almost always im-
proves the accuracy or ranks second to best of the recon-
structed 3D mesh compared to these SOTA methods. As
expected, we observe more significant gains against VOX-
URF with large scenes for which uniform space discretiza-
tions are not well suited. This confirms that using an adap-
tive CVT to support the SDF field optimization is an ef-
fective solution that yields higher frequency details in the
reconstructed geometry and appearance.

Our experimental results also show that, our method
retrieves accurate reconstructed meshes already at lvl 4,
which only contains about 500K points (30 times less than
VOXURF). Our method even obtains better results than
VOXURF at lvl 4 for the data Sculpt. Our method is also
able to produce significantly fewer artifacts than other meth-
ods as shown by the completeness results. Our method con-
verges in about 30mn at level 4 and about 50mn at level 5.
In comparison, NeuS converges in about 8h30mn, NeuS2 in
5mn and VOXURF in 45mn.

Figure 5 shows qualitative comparisons. They demon-
strate that denser discretizations around the surface can ef-
fectively yield higher frequency details and less outliers
than other methods. Note in particular that Neus2 has some
discretization artifacts in the reconstructed meshes.

3When computing Acc, cluttered regions are naturally removed.
4In our experiments we performed up-sampling every 10000 iterations.
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Figure 5. Comparative results we obtained with our method, NeuS and Voxurf on data "Stone", "Durian" and "Man" of BlendedMVS. We
output the final 3D meshes using Marching Cubes (MC) for NeuS and Voxurf and Marching Tetrahedra for our method. We also show
errors from ground truth meshes to predicted meshes as heatmaps.

Table 1. Average geometric accuracy Acc (mm) (lower is better) and completeness compl(mm) (lower is better) obtained with our method,
NeuS2 and Voxurf, for each of the 7 test scenes. We highlight the best and second values.

NeuS NeuS2 Voxurf Ours (lvl 4/ lvl 5))
Acc ↓ Compl ↓ Acc ↓ Compl ↓ Acc ↓ Compl ↓ Acc ↓ Compl ↓

Dog (31 images) 1.54 19.1 1.79 4.81 0.98 11.6 1.83/ 0.96 18.72/ 9.88

Bear (123 images) 6.10 11.25 2.07 70.8 3.17 44.08 2.20/ 1.41 33.3/ 26.3

Clock (143 images) 1.34 11.8 1.11 3.29 0.95 0.82 0.99/ 0.79 1.67/ 1.35

Durian (124 images) 23.85 44.3 12.48 70.2 23.34 63.7 17.6/ 11.43 42.8 / 41.1

Man (24 images) 2.52 49.0 2.18 50.5 2.89 34.33 2.51/ 2.31 27.2 / 19.10

Sculpt (79 images) 1.95 10.0 1.45 4.54 1.34 3.63 1.14 / 1.03 4.41/ 3.40

Stone (56 images) 10.30 43.28 4.35 46.99 14.53 44.26 8.48/ 3.93 27.10 / 24.73

Avg 6.31 26.37 3.75 31.38 6.79 26.54 4.96/ 3.30 22.17 / 20.57

Time 8h30mn 5mn 45mn 30mn /50mn

4.3. Experiments on 4D Human Outfit dataset

We used 8 scenes of the 4D Human Outfit dataset. This
dataset contains sets of 63 high resolution images with cal-
ibrated cameras and ground truth 3D mesh captured with
a millimeter precision laser scanner. With this dataset we
evaluate the ability of VortSDF to reconstruct detailed ge-
ometry such as clothing wrinkles. Note that the mannequins
have arms close to the body, which makes it quite favorable
to uniform discretization methods. Yet Table 2 shows that
VortSDF obtained better results in most scenes. VortSDF
always obtained better results than NeuS2. The advantage
VortSDF is more evident on Figure 6 where we can see sig-

nificantly better level of details in the face and wrinkles.

4.4. Ablation study

We evaluate the advantage of using our proposed CVT
regularization on the Bear scene of Blended MVS. We run
our proposed method with and without applying the CVT
regularization after each up-sampling. Figure 7 shows that
regularizing the discretization around the surface signifi-
cantly improves the reconstruction accuracy.

4.5. Limitations

Our proposed method has some limitations that can be
addressed in future works. Mainly, at each level of up-
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Figure 6. Comparative results we obtained with our method, NeuS and Voxurf on the 4D Human Outfit dataset. We output the final 3D
meshes using Marching Cubes (MC) for NeuS and Voxurf and Marching Tetrahedra for our method.

Table 2. Average geometric accuracy Acc (mm) (lower is better) and completeness Compl (mm) (lower is better) obtained with our
method, NeuS2 and Voxurf, for each of the 3 test scenes of 4D Human Outfit dataset. We highlight the best and second values.

NeuS2 Voxurf Ours (lvl 3/ lvl 4/ lvl 5)
Acc ↓ Compl ↓ Acc ↓ Compl ↓ Acc ↓ Compl ↓

f-cos-hx 4.64 3.17 1.76 2.32 2.54/ 1.65 / 1.56 2.68/ 1.99 / 1.91

f-jea-hx 5.35 4.89 2.25 2.54 2.20/ 1.73 / 1.78 2.25/ 1.91 / 1.94

f-opt1-hx 2.34 2.25 1.57 2.09 1.85/1.70/ 1.69 2.91/2.33/ 2.24

f-opt2-hx 3.23 2.77 1.87 2.33 2.36/1.89/ 1.84 3.27/2.87/2.79

f-opt3-hx 2.27 2.21 1.39 1.91 1.51/ 1.33 / 1.29 2.14/1.93/ 1.86

f-sho-hx 2.26 2.11 1.38 1.84 1.60/1.45/ 1.39 2.03/ 1.77 / 1.73

m-jea-hx 1.79 1.54 1.27 1.32 1.25/ 1.22 / 1.10 2.16/2.09/ 1.09

m-opt-hx 2.89 2.37 3.35 2.94 2.35/ 2.32 / 1.89 2.49/ 2.35 / 2.15

Avg 3.09 2.66 1.68 2.16 1.96/ 1.66 / 1.57 2.49/ 2.15 / 1.96

sampling the tetrahedral mesh must be computed to do ray
marching. We used an off-the-shelf software to compute the
tetrahedral mesh (open3D) that is a CPU version of Delau-
nay triangulation and takes significant amount of time for
millions of input points. Using more advanced GPU imple-
mentation of the Delaunay tetrahedralization construction
algorithm would provide significant speedups.

VortSDF without CVT regularization VortSDF with CVT regularization

Figure 7. Regularizing the 3D discretization with our proposed ap-
proximated CVT loss significantly improve reconstruction quality.

5. Conclusion

We propose a novel method to reconstruct 3D geometry
of a target scene from a set of multi-view images by opti-
mizing a SDF field on a Centroidal Voronoi Tessellation.
We formulate the optimization framework over the CVT
and its dual tetrahedral mesh, designing an efficient frame-
work to output detailed 3D shapes with competitive compu-
tation times. Our experimental results validate the key ideas
in our proposed method and demonstrate at equivalent dis-
cretization level we can achieve a significantly higher level
of extracted detail in a majority of situations, compared to
competitive approaches. In a number of occurrences our
method outperforms or is competitive with SOTA methods
while using a magnitude lower level of discretization. Our
work opens new promising directions toward detailed 3D
reconstruction of large scale scenes under a contained com-
putational time and GPU memory budget.
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