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Figure 1. We introduce a method that extracts accurate and editable meshes from 3D Gaussian Splatting representations within minutes
on a single GPU. The meshes can be edited, animated, composited, etc. with very realistic Gaussian Splatting rendering, offering new
possibilities for Computer Graphics. Note for example that we changed the posture of the robot between the captured scene on the bottom
left and the composited scene on the right. The supplementary material provides more examples, including a video illustrating our results.

Abstract

We propose a method to allow precise and extremely fast
mesh extraction from 3D Gaussian Splatting [15]. Gaus-
sian Splatting has recently become very popular as it yields
realistic rendering while being significantly faster to train
than NeRFs. It is however challenging to extract a mesh
from the millions of tiny 3D Gaussians as these Gaussians
tend to be unorganized after optimization and no method
has been proposed so far. Our first key contribution is a
regularization term that encourages the Gaussians to align
well with the surface of the scene. We then introduce a
method that exploits this alignment to extract a mesh from
the Gaussians using Poisson reconstruction, which is fast,
scalable, and preserves details, in contrast to the March-
ing Cubes algorithm usually applied to extract meshes from
Neural SDFs. Finally, we introduce an optional refinement
strategy that binds Gaussians to the surface of the mesh,
and jointly optimizes these Gaussians and the mesh through
Gaussian splatting rendering. This enables easy editing,
sculpting, animating, and relighting of the Gaussians by
manipulating the mesh instead of the Gaussians themselves.
Retrieving such an editable mesh for realistic rendering is
done within minutes with our method, compared to hours
with the state-of-the-art method on SDFs, while providing a
better rendering quality.

1. Introduction

After NeRFs [22], 3D Gaussian Splatting [15] has recently
become very popular for capturing a 3D scene and render-
ing it from novel points of view. 3D Gaussian Splatting
optimizes the positions, orientations, appearances (repre-
sented as spherical harmonics), and alpha blending of many
tiny 3D Gaussians on the basis of a set of training images
of the scene to capture the scene geometry and appearance.
Because rendering the Gaussians is much faster than ren-
dering a neural field, 3D Gaussian Splatting is much faster
than NeRFs and can capture a scene in a few minutes.

While the Gaussians allow very realistic renderings of
the scene, it is still however challenging to extract the sur-
face of the scene from them: As shown in Figure 3, after
optimization by 3D Gaussian Splatting, the Gaussians do
not take an ordered structure in general and do not corre-
spond well to the actual surface of the scene. In addition to
the surface itself, it is also often desirable to represent the
scene as a mesh, which remains the representation of choice
in many pipelines: A mesh-based representation allows for
powerful tools for editing, sculpting, animating, and relight-
ing the scene. Because the Gaussians after Gaussian Splat-
ting are unstructured, it is very challenging to extract a mesh
from them. Note that this is also challenging with NeRFs
albeit for different reasons.

5354



Figure 2. Our algorithm can extract a highly detailed mesh from
any 3D Gaussian Splatting scene [15] within minutes on a single
GPU (top: Renderings of our meshes without texture, bottom:
Renderings of the meshes with bound Gaussians).

In this paper, we first propose a regularization term that
encourages the Gaussians to be well distributed over the
scene surface so that the Gaussians capture much better the
scene geometry, as shown in Figure 3. Our approach is to
derive a volume density from the Gaussians under the as-
sumption that the Gaussians are flat and well distributed
over the scene surface. By minimizing the difference be-
tween this density and the actual one computed from the
Gaussians during optimization, we encourage the 3D Gaus-
sians to represent well the surface geometry.

Thanks to this regularization term, it becomes easier to
extract a mesh from the Gaussians. In fact, since we intro-
duce a density function to evaluate our regularization term,
a natural approach would be to extract level sets of this den-
sity function. However, Gaussian Splatting performs den-
sification in order to capture details of the scene with high
fidelity, which results in a drastic increase in the number of
Gaussians. Real scenes typically end up with one or several
millions of 3D Gaussians with different scales and rotations,
the majority of them being extremely small in order to re-
produce texture and details in the scene. This results in a
density function that is close to zero almost everywhere, and
the Marching Cubes algorithm [21] fails to extract proper
level sets of such a sparse density function even with a fine
voxel grid, as also shown in Figure 3.

Instead, we introduce a method that very efficiently sam-
ples points on the visible part of a level set of the den-
sity function, allowing us to run the Poisson reconstruction
algorithm [14] on these points to obtain a triangle mesh.
This approach is scalable, by contrast with the Marching
Cubes algorithm for example, and reconstructs a surface
mesh within minutes on a single GPU, compared to other
state of the art methods relying on Neural SDFs for ex-
tracting meshes from radiance fields, that require at least
24 hours on one GPU [20, 36, 38, 39] and rely on multiple
GPUs to speed up the process [26].

As illustrated in Figures 2 and 4, our method produces

mesh with our
extraction method

mesh with
Marching Cubes

zoom on Gaussians
on a planar surface

Figure 3. Extracting a mesh from Gaussians. Without regular-
ization, the Gaussians have no special arrangement after optimiza-
tion, which makes extracting a mesh very difficult. Without our
regularization term, Marching Cubes fail to extract an acceptable
mesh. With our regularization term, Marching Cubes recover an
extremely noisy mesh even with a very fine 3D grid. Our scalable
extraction method obtains a mesh even without our regularization
term. Still, the mesh is noisy. By contrast, our full method suc-
ceeds in reconstructing an accurate mesh very efficiently.

high quality meshes. The challenge is in efficiently iden-
tifying points lying on the level set. To do this, we rely
on the Gaussians depth maps seen from the training view-
points. These depth maps can be obtained by extending
the Gaussian Splatting rasterizer, and we show how to ac-
curately sample points on the level set starting from these
depth maps.

Finally, after extracting this mesh, we propose an op-
tional refinement strategy that jointly optimizes the mesh
and a set of 3D Gaussians through Gaussian splatting ren-
dering only. This optimization enables high-quality render-
ing of the mesh using Gaussian splatting rendering rather
than traditional textured mesh rendering. This results in
higher performance in terms of rendering quality than other
radiance field models relying on an underlying mesh at in-
ference [6, 26, 39]. As shown in Figure 1, this makes pos-
sible the use of traditional mesh-editing tools for editing a
Gaussian Splatting representation of a scene, offering end-
less possibilities for Computer Graphics.

To summarize, our contributions are:

* a regularization term that makes the Gaussians capture
accurately the geometry of the scene;

* an efficient algorithm that extracts an accurate mesh from
the Gaussians within minutes;

* a method to bind the Gaussians to the mesh, resulting in
a more accurate mesh, higher rendering quality than state
of the art methods using a mesh for Novel View Synthe-
sis [6, 26, 39], and allowing editing the scene in many
different ways.

We call our approach SuGaR. In the remainder of the pa-
per, we discuss related work, give a brief overview of vanilla
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3D Gaussian Splatting, describe SuGaR, and compare it to
the state of the art.

2. Related Work

Image-based rendering (IBR) methods rely on a set of two-
dimensional images of a scene to generate a representation
of the scene and render novel views. The very first novel-
view synthesis approaches were based on light fields [19],
and developed the concept of volume rendering for novel
views. Their work emphasized the importance of efficiently
traversing volumetric data to produce realistic images.

Various scene representations have been proposed since,
such as triangle meshes, point clouds, voxel grids, multi-
plane images, or neural implicit functions.

Traditional mesh-based IBR methods. Structure-from-
motion (SfM) [32] and subsequent multi-view stereo
(MVS) [10] allow for 3D reconstruction of surfaces, lead-
ing to the development of several view synthesis algorithms
relying on triangle meshes as the primary 3D representa-
tion of scenes. Such algorithms consider textured triangles
or warp and blend captured images on the mesh surface to
generate novel views [4, 12, 37]. [29, 30] consider deep
learning-based mesh representations for better view synthe-
sis, bridging the gap between traditional graphics and mod-
ern machine learning techniques. While these mesh-based
methods take advantage of existing graphics hardware and
software for efficient rendering, they struggle with the cap-
ture of accurate geometry and appearance in complex re-
gions.

Volumetric IBR methods. Volumetric methods use voxel
grids, multiplane images, or neural networks to represent
scenes as continuous volumetric functions of density and
color. Recently, Neural Radiance Fields (NeRF) [22] intro-
duced a novel scene representation based on a continuous
volumetric function parameterized by a multilayer percep-
tron (MLP). NeRF produces photorealistic renderings with
fine details and view-dependent effects, achieved through
volumetric ray tracing. However, the original NeRF is com-
putationally expensive and memory intensive.

To address these challenges, several works have im-
proved NeRF’s performance and scalability. These meth-
ods leverage discretized or sparse volumetric representa-
tions like voxel grids and hash tables as ways to store
learnable features acting as positional encodings for 3D
points [5, 13, 23, 34, 41], hierarchical sampling strate-
gies [2, 11, 28, 40], or low-rank approximations [5]. How-
ever, they still rely on volumetric ray marching, which
is incompatible with standard graphics hardware and soft-
ware designed for rendering polygonal surfaces. Recent
works have proposed modifying the NeRF’s representation

of geometry and emitted radiance to allow for better recon-
struction of specular materials [35] or relighting the scene
through an explicit decomposition into material and lighting
properties [3, 18, 33, 43].

Hybrid IBR methods. Some methods build on differen-
tiable rendering to combine the advantages of mesh-based
and volumetric methods, and allow for surface reconstruc-
tion as well as better editability. They use a hybrid volume-
surface representation, which enables high-quality meshes
suitable for downstream graphics applications while effi-
ciently modeling view-dependent appearance. In partic-
ular, some works optimize neural signed distance func-
tions (SDF) by training neural radiance fields in which the
density is derived as a differentiable transformation of the
SDF [7, 8, 20, 24, 36, 38]. A triangle mesh can finally
be reconstructed from the SDF by applying the Marching
Cubes algorithm [21]. However, most of these methods do
not target real-time rendering.

Alternatively, other approaches “bake” the rendering ca-
pacity of an optimized NeRF or neural SDF into a much ef-
ficient structure relying on an underlying triangle mesh [6]
that could benefit from the traditional triangle rasteriza-
tion pipeline. In particular, the recent BakedSDF [39] re-
constructs high quality meshes by optimizing a full neural
SDF model, baking it into a high-resolution triangle mesh
that combines mesh rendering for interpolating features and
deep learning to translate these features into images, and
finally optimizes a view-dependent appearance model.

However, even though it achieves real-time rendering
and produces impressive meshes of the surface of the scene,
this model demands training a full neural SDF with an ar-
chitecture identical to Mip-NeRF360 [1], which necessi-
tates 48 hours of training.

Similarly, the recent method NeRFMeshing [26] pro-
poses to also bake any NeRF model into a mesh structure,
achieving real-time rendering. However, the meshing per-
formed in this method lowers the quality of the rendering
and results in a PSNR much lower than our method. Ad-
ditionally, this method still requires training a full NeRF
model beforehand, and needs approximately an hour of
training on 8 V100 NVIDIA GPUs to allow for mesh train-
ing and extraction.

Our method is much faster at retrieveing a 3D mesh from
3D Gaussian Splatting, which is itself much faster than
NeRFs. As our experiments show, our rendering done by
bounding Gaussians to the mesh results in higher quality
than previous solutions based on meshes.

Point-based IBR methods. Alternatively, point-based
representations for radiance field excel at modeling thin ge-
ometry and leverage fast point rasterization pipelines to ren-
der images using a-blending rather than ray-marching [17,
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31]. In particular, the very recent 3D Gaussian Splatting
model [15] allows for optimizing and rendering scenes with
speed and quality never seen before.

3. 3D Gaussian Splatting

For the sake of completeness, we briefly describe the orig-
inal 3D Gaussian Splatting method here. The scene is rep-
resented as a (large) set of Gaussians, where each Gaussian
g is represented by its mean p, and its covariance ¥ is pa-
rameterized by a scaling vector s, € R? and a quaternion
¢y € R* encoding the rotation of the Gaussian. In addition,
each Gaussian is associated with its opacity a4 € [0, 1] and
a set of spherical harmonics coordinates describing the col-
ors emitted by the Gaussian for all directions.

An image of a set of Gaussians can be rendered from a
given viewpoint thanks to a rasterizer. This rasterizer splats
the 3D Gaussians into 2D Gaussians parallel to the image
plane for rendering, which results in an extremely fast ren-
dering process. This is the key component that makes 3D
Gaussian Splatting much faster than NeRFs, as it is much
faster than the ray-marching compositing required in the op-
timization of NeRFs.

Given a set of images, the set of Gaussians is initialized
from the point cloud produced by SfM [32]. The Gaus-
sians’ parameters (means, quaternions, scaling vectors, but
also opacities and spherical harmonics parameters) are opti-
mized to make the renderings of the Gaussians match the in-
put images. During optimization, more Gaussians are added
to better fit the scene’s geometry. As a consequence, Gaus-
sian Splatting generally produces scenes with millions of
Gaussians that can be extremely small.

4. Method

We present our SuGaR in this section:

* First, we detail our loss term that enforces the alignment
of the 3D Gaussians with the surface of the scene during
the optimization of Gaussian Splatting.

e We then detail our method that exploits this alignment

for extracting a highly detailed mesh from the Gaussians

within minutes on a single GPU.

Finally, we describe our optional refinement strategy that

jointly optimizes the mesh and 3D Gaussians located on

the surface of the mesh using Gaussian Splatting render-
ing. This strategy results in a new set of Gaussians bound
to an editable mesh.

L]

4.1. Aligning the Gaussians with the Surface

As discussed in the introduction, to facilitate the creation
of a mesh from the Gaussians, we introduce a regulariza-
tion term into the Gaussian Splatting optimization that en-
courages the Gaussians to be aligned with the surface of the
scene and well distributed over this surface. Our approach is
to derive an SDF from the Gaussians under the assumption

that the Gaussians have the desired properties. By mini-
mizing the difference between this SDF and the actual SDF
computed for the Gaussians, we encourage the Gaussians to
have these properties.

For a given Gaussian Splatting scene, we start by con-
sidering the corresponding density function d : R — R,
computed as the sum of the Gaussian values weighted by
their alpha-blending coefficients at any space location p:

d(p) = agexp (—;(p—ug)TZgl(p—ug)> . (D

where the 14, X4, and o are the centers, covariances, and
alpha-blending coefficients of the Gaussians, respectively.
Let us consider what this density function becomes if the
Gaussians are well distributed and aligned with the surface.

First, in such scenario, the Gaussians would have limited
overlap with their neighbors. As illustrated in Figure 3 (top-
left), this is not the case in general. Then, for any point
p € R3 close to the surface of the scene, the Gaussian g*
closest to the point p is likely to contribute much more than
others to the density value d(p). We could then approximate
the Gaussian density at p by:

1
Qg+ €XP <2(p — pg=) TS N (p - ug*)> , @

where the “closest Gaussian” g* is taken as the Gaussian
with the largest contribution at point p:

g =arg mgin {(p— ug)TEgl(p — )} - 3)

Eq. (2) thus considers that the contribution of the closest
Gaussian g* to the density at p is much higher than the con-
tribution of the other Gaussians. This will help us encourage
the Gaussians to be well spread.

We also would like the 3D Gaussians to be flat, as they
would then be aligned more closely with the surface of the
mesh. Consequently, every Gaussian g would have one of
its three scaling factors close to 0 and:

(P = 1g) 25 (0 — pg) = S%(p —pgmg)?, (4
g

where s, the smallest scaling factor of the Gaussian and n
the direction of the corresponding axis. Moreover, because
we want Gaussians to describe the true surface of the scene,
we need to avoid semi-transparent Gaussians. Therefore,
we want Gaussians to be either opaque or fully transpar-
ent, in which case we can drop them for rendering. Conse-
quently, we want to have a;, = 1 for any Gaussian g.

In such scenario, the density of the Gaussians could fi-

5357



(a) Mesh & Gaussians  (b) Mesh (No Texture)

(c) Mesh normals

A
:'i;
£
} s g
. s

(c) Mesh normals

Figure 4. Examples of (a) renderings and (b) reconstructed meshes with SuGaR. The (c¢) normal maps help visualize the geometry.

nally be approximated by density d(p) with:

- 1
d(p) = exp (‘ 952 (p— Ng*,ng*>2> : ®)
o

A first strategy to enforce our regularization is to add
term |d(p) — d(p)| to the optimization loss. While this ap-
proach works well to align Gaussians with the surface, we
noticed that computing a slightly different loss relying on an
SDF rather than on density further increases the alignment
of Gaussians with the surface of the scene. For a given flat
Gaussian, i.e., s, = 0, considering level sets is meaning-
less since all level sets would degenerate toward the plane
passing through the center of the Gaussian p, with normal
ng. The distance between point p and the true surface of the
scene would be approximately |(p — 1147, g/)|, the distance
from p to this plane. Consequently, the zero-crossings of
the Signed Distance Function

f(p) = £5401/—210g (d(p)) (6)

corresponds to the surface of the scene. More generally, we
define

f(p) = £sg:/—2log (d(p)) (7)

as the “ideal” distance function associated with the density
function d. This distance function corresponds to the true
surface of the scene in an ideal scenario where d = d. We
therefore take our regularization term R as

1 .
R i@l =15, ®)

by sampling 3D points p and summing the differences at
these points between the ideal SDF f(p) and an estimate
f (p) of the SDF of the surface created by the current Gaus-
sians. P refers to the set of sampled points. During op-

timization, we simply want the zero-level sets of both the

Depth map

3D gaussian

Figure 5. Efficiently estimating f(p) of the SDF of the sur-
face generated from Gaussians. We render depth maps of the
Gaussians, sample points p in the viewpoint according to the dis-
tribution of the Gaussians. Value f(p) is taken as the 3D distance
between p and the intersection between the line of sight for p and
the depth map.

SDF estimator f and the ideal SDF f to align. Since a
zero-level set is entirely determined by an unsigned distance
function, we actually do not need to compute the sign of the
SDFs and use absolute values.

Computing efficiently f(p) is a priori challenging. To
do so, we propose to use the depth maps of the Gaussians
from the viewpoints used for training—these depth maps
can be rendered efficiently by extending the splatting raster-
izer. Then, as shown in Figure 5, for a point p visible from a
training viewpoint, f (p) is the difference between the depth
of p and the depth in the corresponding depth map at the
projection of p. Moreover, we sample points p following
the distribution of the Gaussians:

p~[ING g, =) ©)
g

with V' (.; ptg, X4) the Gaussian distribution of mean y, and
covariance X, as these points are likely to correspond to a
high gradient for k.
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Depth of the
splatted gaussian
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3D Gaussian

Figure 6. Sampling points on a level set for Poisson reconstruc-
tion. Left: We sample points on the depth maps of the Gaussians
and refine the point locations to move the points on the level set.
Right: Comparison between the extracted mesh without (left) and
with (right) our refinement step. Since splatted depth maps are not
exact, using directly the depth points for reconstruction usually re-
sults in a large amount of noise and missing details.

We also add a regularization term to encourage the nor-
mals of SDF f and the normals of SDF f to be similar:

2

RNorm = (10)

— Nge
||2 2

4.2. Efficient Mesh Extraction

To create a mesh from the Gaussians obtained after op-
timization using our regularization terms in Eq. (8) and
Eq. (10), we sample 3D points on a level set of the den-
sity computed from the Gaussians. The level set depends
on a level parameter A\. Then, we obtain a mesh by simply
running a Poisson reconstruction [14] on these points. Note
that we can also easily assign the points with the normals of
the SDF, which improves the mesh quality.

The challenge is in efficiently identifying points lying on
the level set. For this, as shown in Figure 6, we again rely
on the depth maps of the Gaussians as seen from the train-
ing viewpoints. We first randomly sample pixels from each
depth map. For each pixel m, we sample its line of sight
to find a 3D point on the level set. Formally, we sample n
points p + ¢;v, where p is the 3D point in the depth map
that reprojects on pixel m, v is the direction of the line of
sight, and ¢; € [—30,4(v), 304(v)] where o, (v) is the stan-
dard deviation of the 3D Gaussian g in the direction of the
camera. The interval [—30,(v),304(v)] is the confidence
interval for the 99.7 confidence level of the 1D Gaussian
function of ¢ along the ray.

Then, we compute the density values d; = d(p + t;v)
from Eq. (1) of these sampled points. If there exist ¢, j such
that d; < A < d;, then there is a level set point located in
this range. If so, we use linear interpolation to compute the
coefficient t* such that p 4 t*v is the level set point closest
to the camera, verifying d(p + t*v) = A. We also compute
the normals of the surface at points p, which we naturally

Gaussians bound
to the triangle

Figure 7. Joint refinement of mesh and Gaussians. Left: We
bind Gaussians to the triangles of the mesh. Depending on the
number of triangles in the scene, we bind a different number of
Gaussians per triangle, with predefined barycentric coordinates.
Right: Mesh before and after joint refinement.

define as the normalized analytical gradient of the density
Vd(p)
Va2
Finally, we apply Poisson reconstruction to reconstruct a
surface mesh from the level set points and their normals.

4.3. Binding New 3D Gaussians to the Mesh

Once we have extracted a first mesh, we can refine this mesh
by binding new Gaussians to the mesh triangles and opti-
mize the Gaussians and the mesh jointly using the Gaussian
Splatting rasterizer. This enables the edition of the Gaus-
sian splatting scene with popular mesh editing tools while
keeping high-quality rendering thanks to the Gaussians.

Given the initial mesh, we instantiate new 3D Gaussians
on the mesh. More exactly, we associate a set of n thin
3D Gaussians to each triangle of the mesh, sampled on the
surface of the triangle, as illustrated in Figure 7. To do so,
we slightly modify the structure of the original 3D Gaussian
Splatting model.

We explicitly compute the means of the Gaussians from
the mesh vertices using predefined barycentric coordinates
in the corresponding triangles during optimization. Also,
the Gaussians have only 2 learnable scaling factors instead
of 3 and only 1 learnable 2D rotation encoded with a com-
plex number rather than a quaternion, to keep the Gaussians
flat and aligned with the mesh triangles. More details about
this parameterisation are given in the supplementary mate-
rial. Like the original model, we also optimize an opacity
value and a set of spherical harmonics for every Gaussian
to encode the color emitted in all directions.

Figure 7 shows an example of a mesh before and after
refinement. Figure 1 and the supplementary material give
examples of what can be done by editing the mesh.
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5. Experiments
5.1. Implementation details

All our models are optimized on a single GPU Nvidia Tesla
V100 SXM2 32 Go.

Regularization. For all scenes, we start by optimizing a
Gaussian Splatting with no regularization for 7,000 itera-
tions to let the 3D Gaussians position themselves without
any additional constraint. Then, we perform 2,000 itera-
tions with an additional entropy loss on the opacities oy of
the Gaussians, as a way to enforce them to become binary.
Finally, we remove Gaussians with opacity values un-
der 0.5 and perform 6,000 iterations with the regularization
term introduced in Subsection 4.1, which makes a total of
15,000 iterations. To compute the density values of points
from a Gaussian g, we sum only the Gaussian functions
from the 16 nearest Gaussians of g and update the list of
nearest neighbors every 500 iterations. Optimization takes
between 15 and 45 minutes depending on the scene.

Mesh extraction. For all experiments except the ablation
presented in Table 2, we extract the A-level set of the density
function for A = 0.3. We perform Poisson reconstruction
with depth 10 and apply mesh simplification using quadric
error metrics [9] to decrease the resolution of the meshes.
Mesh extraction generally takes between 5 and 10 minutes
depending on the scene.

Joint refinement. We jointly refine the mesh and the
bound 3D Gaussians for either 2,000, 7,000 or 15,000 iter-
ations. Depending on the number of iterations, the duration
of refinement goes from a few minutes to an hour.

5.2. Real-Time Rendering of Real Scenes

For evaluating our model, we follow the approach from
the original 3D Gaussian Splatting paper [15] and com-
pare the performance of several variations of our method
SuGaR after refinement on real 3D scenes from 3 differ-
ent datasets: Mip-NeRF360 [1], DeepBlending [12] and
Tanks&Temples [16]. We call R-SuGaR-NK a refined
SuGaR model optimized for N iterations during refinement.

Following [15], we select the same sets of 2 scenes from
Tanks&Temples (Truck and Train) and 2 scenes from Deep-
Blending (Playroom and Dr. Johnson). However, due to li-
censing issues and the unavailability of the scenes Flowers
and Treehill, we perform the evaluation of all methods only
on 7 scenes from Mip-NeRF360 instead of the full set of 9
scenes.

We compute the standard metrics PSNR, SSIM and
LPIPS [44] to evaluate the quality of SuGaR’s rendering
using our extracted meshes and their bound surface Gaus-
sians. Note that [6, 26, 39] also do not use plain textured

mesh rendering. We compare to several baselines, some of
them focusing only on Novel View Synthesis [2, 15, 23, 41]
and others relying on a reconstructed mesh [6, 26, 39], just
like SuGaR. Results on the Mip-NeRF360 dataset are given
in Table 1. Results on Tanks&Temple and DeepBlending
are similar and can be found in the supplementary material.
Even though SuGaR focuses on aligning 3D Gaussians
for reconstructing a high quality mesh during the first stage
of its optimization, it significantly outperforms the state of
the art methods for Novel View Synthesis using a mesh and
reaches better performance than several famous models that
focus only on rendering, such as I-NGP [23] and Plenox-
els [41]. This performance is remarkable as SuGaR is able
to extract a mesh significantly faster than other methods.
Moreover, SuGaR even reaches performance similar to
state-of-the-art models for rendering quality [2, 15] on some
of the scenes used for evaluation. Two main reasons explain
this performance. First, the mesh extracted after the first
stage of optimization serves as an excellent initialization for
positioning Gaussians when starting the refinement phase.
Then, the Gaussians constrained to remain on the surface
during refinement greatly increase the rendering quality as
they play the role of an efficient texturing tool and help re-
constructing very fine details missing in the extracted mesh.
Additional qualitative results are available in Figure 4.

5.3. Mesh Extraction

To demonstrate the ability of our mesh extraction method
for reconstructing high-quality meshes that are well-suited
for view synthesis, we compare different mesh extraction
algorithms. In particular, we optimize several variations of
SuGaR by following the exact same pipeline as our stan-
dard model, except for the mesh extraction process: We
either extract the mesh using a very fine marching cubes
algorithm [21], by applying Poisson reconstruction [14] us-
ing the centers of the 3D Gaussians as the surface point
cloud, or by applying our mesh extraction method on differ-
ent level sets. Quantitative results are available in Table 2
and show the clear superiority of our approach for meshing
3D Gaussians. Figure 3 also illustrates how the marching
cubes algorithm fails in this context.

5.4. Mesh Rendering Ablation

Table 3 provides additional results to quantify how various
parameters impact rendering performance. In particular, we
evaluate how the resolution of the mesh extraction, i.e., the
number of triangles, modifies the rendering quality. For
fair comparison, we increase the number of surface-aligned
Gaussians per triangle when we decrease the number of tri-
angles. Results show that increasing the number of vertices
increases the quality of rendering with surface Gaussians,
but meshes with less triangles are already able to reach state
of the art results.
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Indoor scenes

Outdoor scenes Average on all scenes

PSNR1 SSIM{ LPIPS| PSNRY SSIMt LPIPS| PSNRT SSIM1 LPIPS |

No mesh (except SuGaR)
Plenoxels [42] 24.83 0.766 0.426 22.02 0.542 0.465 23.62 0.670 0.443
INGP-Base [23] 28.65 0.840 0.281 23.47 0.571 0.416 26.43 0.725 0.339
INGP-Big [23] 29.14 0.863 0.242 23.57 0.602 0.375 26.75 0.751 0.299
Mip-NeRF360 [2] 31.58 0914 0.182 25.79 0.746 0.247 29.09 0.842 0.210
3DGS [15] 30.41 0.920 0.189 26.40 0.805 0.173 28.69 0.870 0.182
R-SuGaR-15K (Ours) 29.43 0.910 0.216 24.40 0.699 0.301 27.27 0.820 0.253

With mesh
Mobile-NeRF [6] - - - 21.95 0.470 0.470 - - -
NeRFMeshing [26] 23.83 - - 22.23 - - 23.15 - -
BakedSDF [39] 27.06 0.836 0.258 - - - - - -
R-SuGaR-2K (Ours) 26.29 0.872 0.262 22.97 0.648 0.360 24.87 0.776 0.304
R-SuGaR-7K (Ours) 28.73 0.904 0.226 24.16 0.691 0.313 26.77 0.813 0.263
R-SuGaR-15K (Ours) 29.43 0.910 0.216 24.40 0.699 0.301 27.27 0.820 0.253

Table 1. Quantitative evaluation of rendering quality on the Mip-NeRF360 dataset [2]. SuGaR is best among the methods that recover
a mesh, and still performs well compared to NeRF methods and vanilla 3D Gaussian Splatting.

Extraction method PSNR1 SSIM?T LPIPS|

Marching Cubes [21] 2391 0.703 0.392
Poisson (centers) [14] 23.76 0.756 0.340
Ours (Surface level 0.1) 24.62 0.765 0.313
Ours (Surface level 0.3) 24.87 0.776 0.304
Ours (Surface level 0.5) 2491 0.777 0.304

Table 2. Ablation for different mesh extraction methods on
the Mip-NeRF360 dataset [2] after applying our regulariza-
tion term. For ’Poisson (centers)’, we apply Poisson reconstruc-
tion [14] using as surface points the centers of the 3D Gaussians.
For fair comparison, we calibrate the methods to enforce all ex-
tracted meshes to have approximately 1,000,000 vertices.

PSNR1 SSIM1 LPIPS |
1M vertices (3DGS) 24.51 0.768 0.295
1M vertices (UV) 21.24 0.609 0.478
200K vertices (3DGS) 24.24 0.757 0.300
200K vertices (UV) 21.44 0.656 0.419

Table 3. Comparison between surface-aligned 3D Gaussians
and an optimized traditional UV texture on the Mip-NeRF360
dataset [2]. For fair comparison, we only use the diffuse spherical
harmonics component when rendering images with SuGaR. Using
3D Gaussians bound to the mesh greatly improves rendering qual-
ity, even though it contains less parameters than the UV texture.

Then, we illustrate the benefits of using Gaussians
aligned on the surface as a texturing tool for rendering
meshes. To this end, we also optimize traditional UV tex-
tures on our meshes using differentiable mesh rendering

with traditional triangle rasterization. Even though render-
ing with surface-aligned Gaussians provides better perfor-
mance, rendering our meshes with traditional UV textures
still produces satisfying results, which further illustrates the
quality of our extracted meshes. Qualitative comparisons
are provided in the supplementary material.

6. Conclusion

We proposed a very fast algorithm to obtain an accurate 3D
triangle mesh for a scene via Gaussian Splatting. More-
over, by combining meshing and Gaussian Splatting, we
make possible intuitive manipulation of the captured scenes
and realistic rendering, offering new possibilities for cre-
ators. SuGaR does not come without limitations: Gaussians
do tend to “cheat” on the geometry and depth by creating
cavities to reproduce specular effects, instead of relying on
spherical harmonics. SuGaR’s regularization mitigates this
issue, but Gaussians can still distort the surface in regions
with intense specularity. In addition, SuGaR’s assumption
that the scene can be represented as a surface complicates
the rendering of volumetric effects or fuzzy materials.
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