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Abstract

Reconstructing open surfaces from multi-view images is
vital in digitalizing complex objects in daily life. A
widely used strategy is to learn unsigned distance functions
(UDFs) by checking if their appearance conforms to the
image observations through neural rendering. However,
it is still hard to learn continuous and implicit UDF rep-
resentations through 3D Gaussians splatting (3DGS) due
to the discrete and explicit scene representation, i.e., 3D
Gaussians. To resolve this issue, we propose a novel ap-
proach to bridge the gap between 3D Gaussians and UDFs.
Our key idea is to overfit thin and flat 2D Gaussian planes
on surfaces, and then, leverage the self-supervision and
gradient-based inference to supervise unsigned distances
in both near and far area to surfaces. To this end, we in-
troduce novel constraints and strategies to constrain the
learning of 2D Gaussians to pursue more stable optimiza-
tion and more reliable self-supervision, addressing the chal-
lenges brought by complicated gradient field on or near
the zero level set of UDFs. We report numerical and vi-
sual comparisons with the state-of-the-art on widely used
benchmarks and real data to show our advantages in terms
of accuracy, efficiency, completeness, and sharpness of re-
constructed open surfaces with boundaries. Project page:
https://1isj575.github.io/GaussianUDF/

1. Introduction

It is vital but still challenging to reconstruct shapes with
open surfaces and sharp boundaries from multi-view im-
ages. A widely used strategy is to learn implicit repre-
sentations, such as unsigned distance functions (UDFs), by
minimizing rendering errors of UDFs with respect to multi-
view observations, such as RGB images [9, 22, 23, 32, 55].
This strategy shows promising results because of the ad-
vantages of both implicit representations and the neural
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Figure 1. The comparisons with 2DGS [14], 2S-UDF [9], and VR-
Prior [55]. Our method recovers the most accurate open surfaces
without artifacts.

volume rendering, i.e., the ability of reconstructing shapes
with arbitrary topologies and the differentiability for back-
propagating the gradients of rendering errors. Eventually,
the open surfaces can be extracted from the zero level set of
the learned UDF.

Recent methods [9, 22, 23, 32, 55] usually learn a UDF
within a radiance field through the volume rendering intro-
duced by NeRF [34]. They infer unsigned distances at sam-
pled points along rays emitted from views through an ad-
ditional transformation which bridges the gap between the
UDF and the radiance field. However, NeRF-based render-
ing is not efficient due to intersection finding in ray tracing.
This makes 3D Gaussian Splatting (3DGS) a promising so-
lution since rasterizing 3D Gaussians is not only differen-
tiable but also faster than ray tracing in NeRF-based render-
ing. However, one obstacle coming from the discrete and
explicit scene representations, i.e., 3D Gaussians, is that
they are much different from the continuous and implicit
radiance field. Therefore, how to overcome this obstacle is
the most challenging problem to reveal complete, smooth,
and continuous UDFs through 3DGS.

To resolve this problem, we introduce a novel approach
to inferring UDFs from multi-view images through 3DGS,
which can efficiently reconstruct high-quality surfaces with
open structures as shown in Figure 1. Our key idea is to
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constrain 3D Gaussians to represent surfaces directly, based
on which we can estimate the unsigned distance field. Our
novelty lies in two aspects: (1) the novel constraints that we
imposed on the Gaussians, which overfits these Gaussians
on surfaces, (2) and the ways of inferring unsigned dis-
tances with self-supervision and gradient-based inference.
To this end, we use 2D Gaussians in the 3D space which
are thin enough to approximate the surface. We also align
these 2D Gaussians on the surface using the gradient field
of the implicit function, which involves a UDF in the differ-
entiable rasterization procedure. Meanwhile, we introduce
self-supervision along the normal of 2D Gaussians to in-
fer unsigned distances near the 2D Gaussians, and infer un-
signed distances far away from the surface with the gradient
field of the UDF. Our evaluations show that our method suc-
cessfully bridges the gap between discrete Gaussians and
continuous UDFs in a fully differentiable manner, leading
to reconstructions of more accurate, complete, and contin-
uous open surfaces than the state-of-the-art methods. Our
contributions are summarized below.

* We present a novel approach to reconstruct open surfaces
from multi-view images with 3DGS, which bridges the
gap between continuous UDFs and discrete 3D Gaussians
in a differentiable manner.

* We introduce stable constraints to overfit 3D Gaussians
on surfaces, and novel strategies to infer unsigned dis-
tances accurately in both near and far areas to the surface.

e Our method produces state-of-the-art results in recon-
structing shapes and scenes with open surfaces and sharp
boundaries on the widely used benchmarks.

2. Related Work

2.1. Neural Implicit Representation

Neural implicit representations [28-30, 33, 37, 39, 56, 57]
have shown great advantages in representing shapes using
continuous functions due to their ability to represent sur-
faces with flexible topology in high resolutions. Typically,
neural implicit functions map spatial query coordinates to
occupancy probabilities [33] or signed/unsigned distances
[6, 39]. Neural implicit functions can be learned from
various 2D or 3D surface signals, such as RGB images
[23, 41, 55], point clouds [3, 27, 36, 60], binary classifi-
cation labels [33], and distance labels [6, 20, 39]. Among
them, Neural-Pull [27] aims to pull the query points on the
zero level set of the neural implicit function and achieves the
learning of Signed Distance Functions (SDFs) from point
clouds. The SDFs partition surfaces into exterior and inte-
rior regions, which limits the performance of such methods
in modeling open surfaces. To extend the capability of im-
plicit functions to reconstruct open surfaces, recent meth-
ods [6, 23, 46, 59, 60] were proposed to predict the un-
signed distances from any query points to reconstruct high

quality single layer surfaces. Some methods [5, 12, 52, 58]
extend marching cubes [19, 24] or dual contouring [17] to
efficiently and accurately extract meshes from UDFs.

2.2. Novel View Synthesis

Neural Radiance Fields (NeRF) [34] have achieved promis-
ing results in novel view synthesis. The method adapts
implicit field functions to encode view-dependent appear-
ance. Specifically, NeRF maps the spatial points sam-
pled on the ray to densities and colors with several Multi-
Layer Perceptrons (MLPs), and then integrates the samples
into pixel colors through volumetric rendering. Advance-
ments [1, 2, 15, 35, 47, 48, 53] following the development
of NeRF have further extended its capabilities.

Recently, 3D Gaussian Splatting (3DGS) [18] has be-
come an important breakthrough in the field. 3DGS repre-
sents the scene with 3D Gaussians including means, covari-
ances, opacities and spherical harmonics parameters. The
explicit representation avoids unnecessary computation cost
in the empty space and achieves high quality and real-time
novel view synthesis. Recent methods [13, 25, 31, 40, 43,
44, 50, 61] extend this technique to a wide variety of fields.

2.3. Learning Neural SDFs with Multi-view Images

Combining implicit representations with neural rendering,
NeRF-based methods [10, 38, 41, 42] can reconstruct wa-
tertight meshes well from multi-view images. These meth-
ods transform occupancy values [38] or signed distances [8,
10, 21, 41, 45] to density in volumetric rendering.

Recently, attempts [7, 11, 14, 51] have been made to
reconstruct meshes from mutiple views with 3DGS. Sev-
eral methods [7, 11, 14] have been developed to make
3D Gaussians approximate surfels and align with surfaces.
And some methods [4, 26, 49, 54] optimize SDFs together
with the 3D Gaussians. GOF [51] establishes a Gaussian
opacity field from 3D Gaussians and extracts the surface
from the levelset. However, these methods learn SDFs to
model surfaces and are limited to reconstructing watertight
meshes. In contrast, we aim to handle thin and open sur-
faces with 3DGS, which can efficiently reconstruct non-
watertight meshes. The recent method GSPull [54] also
pulls the queries to the zero level set to learn SDF. However,
the projection can not provide enough supervision to learn
correct UDF due to the complexity of gradients on the iso-
surface. Therefore, we introduce self-supervision and other
losses to overcome this challenge and reconstruct accurate
and complete open surfaces.

2.4. Learning Neural UDF's with Volume Rendering

Unlike SDF modeling the surfaces as exterior and interior,
UDF [6, 60] can handle arbitrary topologies. Recent meth-
ods [9, 22, 23, 32, 55] usually learn a UDF from multi-view
images with volume rendering. NeuralUDF [23] flips the
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Figure 2. Overview of our method. (a) The UDF is optimized with
the rendering process. To ensure that Gaussians can provide more
accurate clues of the surfaces, (b) the Gaussians are projected to
the zero level set of the UDF. (c¢) Projecting random queries to the
Gaussian centers helps the UDF learn coarse distance fields which
is far from surfaces. Moreover, (d) unsigned distances recovered
near the Gaussian plane compensates for the sparsity of Gaussian
centers. We adopt depth (e) and normal (f) regularization terms to
make Gaussians align with surfaces well.

normal orientation behind the surface points. NeUDF [22]
introduces a new probability density function. NeAT [32]
learns additional validity to reconstruct open surfaces from
SDE. 2S-UDF [9] proposes a two-stage method to decou-
ple density and weight. However, these methods need find-
ing intersections and ray tracing in volume rendering, which
leads to inefficiency. Our method is built on the point-based
rendering of 3D Gaussian Splatting [18] without requiring
any ray tracing process, resulting in improved efficiency.

3. Method

Overview. Figure 2 illustrates the framework of our ap-
proach. To overfit 3D Gaussians on surfaces, we fol-
low 2DGS [14] to represent scenes using 2D Gaussians
which are thin enough to represent open surfaces with sharp
boundaries. We jointly infer a UDF f and learn 2D Gaus-
sians {g;}!_, by minimizing rendering errors with respect
to the observations through splatting the I 2D Gaussians
{g:}L_,. Besides the thin character of 2D Gaussians, we
also leverage the gradient field of the UDF to align 2D
Gaussians to the zero level set of the UDF, which ensures
that these 2D Gaussians can represent the surface faithfully.
Based on this representation, we set up self-supervision
along the normal of 2D Gaussians to supervise the learning
of UDF around the surface. Simultaneously, we also use
the gradient field to infer unsigned distances, especially for
the space far away from the surface. To this end, we also
constrain the normal of 2D Gaussians and rendered depth

images so that the 2D Gaussians can provide reliable self-
supervisions and the gradient based inference for more ac-
curate distance fields.
2D Gaussian Splatting. We leverage the differentiable
splatting introduced by 2DGS [14] to render 2D Gaus-
sians into images. Each 2D Gaussian g; has several learn-
able parameters including the center pu; € R*3, the color
c; € RY%3, the opacity o, the rotation matrix r; € R3*3,
and scaling factors s; € R'*2, where p; and 7; determine
the location and pose of the Gaussian g;, s; determines the
variances along two axis of the Gaussian g;, the color ¢; and
the opacity «; describe the appearance, and the last column
of r; represents the normal n; of the flat Gaussian g;.

We render {g;} into a RGB color C’(u, v) at each pixel
(u,v) on the rendered image C” using « blending through
a differentiable splatting procedure,

I 1—1
C'(u,v) =Y eapi(u,v) [T (1 = arpr(u, ), (1)
=1 k=1

where p;(u,v) is the probability of contributing to pixel
(u,v) from the projection of g;. Similarly, we can also
render depth or normal maps by replacing the color with
projection distances or the normal of 2D Gaussians in the
above equation. We learn the Gaussians {g; } by minimiz-
ing rendering errors with respect to the observations C,

Lrgb = HC/(U,’U) — C(u,v)||1. (2)

Unsigned Distance Functions. An unsigned distance func-
tion f describes a distance field, indicating the distance d
to the nearest surface in a scene at an arbitrary location
qg=(z,y,z),ie,d= f(q). Agradient field can be derived
from f, where the gradient V f(q) at each query g points to
a direction that is far away from the nearest surface.

The gradient field of f provides good clues to reveal sur-
faces which are indicated by the zero level set of f. Neural-
Pull [27] has shown that one can infer signed distances by
pulling randomly sampled points along the gradient to the
surface. However, a UDF produces a pretty complex gradi-
ent field near both sides of the surface, due to the absence of
gradient on the surface. This fact becomes a serious prob-
lem in learning UDF from multi-view images.

To resolve this issue, we employ two kinds of supervi-
sions to infer unsigned distances with 2D Gaussians. One
is to use the gradient field to pull queries onto the zero level
set of f, which pays more attention to the space far away
from surfaces. The other is to leverage the normal of the
Gaussians to produce self-supervision covering the whole
flat plane, which focuses on the area closed to surfaces.
Self-supervision and Inference. For the first supervision,
we randomly sample J queries {q; }le around the centers
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Figure 3. Self-supervision loss. For a Gaussian in (a), (b) we first
sample root point r}* on the plane. (c) Then we randomly move the
root point to position e’i”h along or against the normal with a ran-
domly sampled offset ;. (d) We use {ef’ n, to } as atraining sample
pair to train the UDF network. (e) The reconstructed meshes show
that the 2D Gaussian planes provide more surface information for

the UDF, which helps to fill the holes and capture more details.

{p;} of Gaussians {g;} using the sampling strategy intro-
duced in Neural-Pull [27]. We project {g;} onto the zero
level set of f below,

Vf(g))
IVf(gi)l’
where q;- is the projection of q; and d; = f(g;) is the un-
signed distance. We leverage the centers of Gaussians to
supervise the projections,

q;=q; —d;- 3)

1
Lfa7‘ :j Z min ||q _HHQ
/e{ /} pe{pi}

Z N a3,

ME{ 1}

where Ly, evaluates the Chamfer distance between the set
of projections {q}} and {y;}, encouraging the UDF f to
conform to the surface represented by the Gaussian cen-
ters. To relief the computational burden during optimiza-
tion, we only use a batch of g; and query points sampled
around them to evaluate this loss in each iteration.

Gaussians are sparse in some regions, which limits their
ability to represent surfaces, so relying solely on their cen-
ters with L ¢, is inadequate. Hence, the first supervision
merely provide a coarse supervision which is helpful for
inferring unsigned distances in areas far away from the sur-
face. As a complement, our self-supervision will provide
the second kind of supervision over the whole Gaussian
plane near the surface.

Our self-supervision is illustrated in Figure 3. We set up
the self-supervision using the normal n; of each Gaussian

“4)

(a) No Gaussian Projections (b) Full Model

J/

Figure 4. We project the Gaussian centers to the zero level set with
a constraint, which makes the point cloud have less noises and the
UDF have more accurate surface.

g; and the samples on its flat plane, which makes sure the
Gaussian plane can cover enough space to overfit surfaces
regardless of the sparsity of Gaussian centers. As shown in
Figure 3 (b), we sample root points {r!'}/_ | on the flat
plane, and randomly sample samples {e?,}wtb}bB:l along
the direction of normal n; by €2, = vl + 1, -n;/||n;||2, as
shown in Fig. 3 (c), where t,; is randomly sampled from
[T, T], which makes sure we have training samples on
both sides of the Gaussian. We record ez ;, and t; as a train-
ing sample {eg n»to} in Fig. 3 (d), where ¢, is regarded as
the ground truth unsigned distances at eg - We will intro-
duce another constraint L., in Eq 8 to keep the normal
of Gaussians orthogonal to surfaces, which also makes the
self-supervision more reliable to use.

Eventually, we use {e’,t,} as self-supervision to train
the UDF f through a L1 loss,

Lnear - ||f(ef) - thh (5)

Overfitting Gaussians to Surfaces. Besides the thin char-
acter of 2D Gaussian, we also move 2D Gaussians to the
zero level set of f, which ensures to overfit 2D Gaussians to
surfaces. Since the gradient field nearby the zero level set of
UDFs is very complicated, we do not directly pull the cen-
ter p; of 2D Gaussians g; using Eq. (3), which avoids the
incorrect gradients that destablizes the optimization when
most of 2D Gaussians are near the surface, as shown in Fig-
ure 4 (a). We notice concurrent work [54] that also involves
gradients of SDF to constrain locations of Gaussians. But
gradients of SDF near the zero level set are much more sta-
ble than UDF. Therefore, we propose to use an explicit con-
straint to project Gaussians on the zero level set of f. We
run Eq. (3) and stop back-propagating the gradient through
f, obtaining the projection of Gaussian g/. Then, we regard
!} as target and minimize the distance to directly update the
location p; of Gaussians below, which stabilizes the opti-
mization near the zero level set, as shown in Figure 4 (b),

Lproj = th il (6)

Constraints on Depth and Normals. To make all 2D
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Figure 5. Qualitative comparison with 2DGS [14], GOF [51], NeuralUDF [23], 2S-UDF [9], and VRPrior [55] in DF3D [62] dataset. Note
that VRPrior needs additional depth images to learn priors. The dark color on meshes represents the back faces of open surfaces, and the
error map is shown next to the mesh. Our method obtains more accurate surfaces and captures more details such as the folds in the clothing.

| Method | 30 92 117 133 164 204 300 320 448 522 591 598 | Mean | Time
NeuS[41] 318 482 478 499 373 571 589 221 589 360 244 513 | 436 | 57h
SDF | 2DGS[14] 379 366 424 375 391 401 402 374 351 389 321 401 | 381 | 6min
GOF[51] 315 247 249 223 238 265 240 241 214 3.00 218 237 | 249 | 47min
NeralUDF[23] | 1.92 205 236 158 133 411 247 150 1.63 247 216 215 215 | 86h
UDE | 2S-UDF [9] 192 197 177 158 132 246 343 147 200 214 184 191 | 198 | 7.8h
VRPrior[55] | 1.59 173 206 163 144 207 166 160 139 214 150 167 | 1.71 | 9.2h
Ours 185 1.69 118 132 159 159 151 127 262 165 174 122 | 1.60 | 1.6h

Table 1. Quantitative results of Chamfer Distance (x10~2) of each object in DF3D [62] dataset. Time is the average training time.

Gaussians get closer to the surface, we also adopt a depth
distortion loss [14] to constrain Gaussian positions. Along
each ray, we monitor the depth of intersections to Gaus-
sians, and constrain their interval between two intersections,

Laeptn = Z Ik19k2|2K1 — Zk2ls @)
k1,k2

where grp1 = ag1pr1(u,v) H’,zlz_ll(l — appr(u,v)).

Furthermore, to make the self-supervision more reliable,
we add supervision on the normals of Gaussians n; like
[14]. We estimate normal maps from the depth gradients
on the rendered depth images. Along each ray, we align the
normal n; of Gaussians hit by the ray with the estimated
normal IN; on the rendered depth maps,

Lnorm = Z gk(l - n{Nk)
k
Loss Function. We optimize 2D Gaussians in a scene by
minimizing the following loss function,

®)

L :(1 - /\1)Lrgb + >\1Lssim + )\QLfar + >\3Lnear

9)
+ A4=Lp7‘oj + )\5Ldepth + )\GLnorma

where L, is a rendering quality loss from 3DGS [18],
and all loss terms are balanced by weights \j_g.

4. Experiments

4.1. Experiment Settings

Details. The weights are set as \; = 0.2, Ao = 1.0, A3 =
1.0, A4 = 0.15 on DTU [16], Ay = 0.1 on DF3D [62],
A4 = 0.0001 on real scans, A5 = 1000 on DTU, Ay = 0
on other scenes, and A\¢ = 0.05. We optimize the model
for 30k iterations for all datasets. We use L, from iter-
ation 9k to 12k, and then add Ly.q, and Ly,.,;. For the
self-supervision, we sample 500 Gaussian planes per batch
and sample 10 root points per plane. The offset ¢; is sam-
pled from a uniform distribution that is bounded by zero
and 7", and we set T' = 0.01 in DF3D dataset and 7" = 0.02
in DTU dataset. Similar to NeuralUDF [23] and VRPrior
[55], we tune the reconstruction using an additional warp
loss [8, 10] on DTU dataset. The UDF f is parameterized
by a 8-layer MLP with 256 hidden units and ReLU activa-
tion functions, and the activation of the last layer is an ab-
solute value function. We apply positional encoding [34] to
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Figure 6. Visual comparisons of reconstruction and error maps in reconstruction on DTU [16] dataset. Larger errors are shown in warmer

colors. Our method obtains visual-appealing results with small errors.

Method ‘ZDGS GOF GSPull VRPrior Ours
Average‘ 0.80 0.74 0.75 0.71 0.68

Table 2. Numerical comparisons with 2DGS [14], GOF [51],
GSPull [54] and VRPrior [55] in terms of CD on DTU [16] dataset.
Detailed comparisons can be found in the appendix.

the input query point coordinates. We use an initial learn-
ing 1 x 103 with cosine learning rate decay strategy for
training the UDF network. We conduct all experiments on
a single NVIDIA 3090 GPU.

Datasets and Evaluation Metrics. We evaluate the pro-
posed method on DeepFashion3D (DF3D) [62] dataset,
DTU [16] dataset, NeUDF [22] dataset, and our real-
captured dataset. For DF3D dataset, we use the same 12
garments as previous methods [23, 55], each garment is
scanned with 72 images in a resolution of 1024 x 1024 and
is provided with the ground truth point cloud for evaluation.
For DTU [16] dataset, we use the widely used 15 scenes that
are all watertight and each scene contains 49 or 64 images
in a resolution of 1600 x 1200. We use two real scans in
NeUDF [22] dataset, and captures four real scenes. In our
experiments, we train our models without mask supervision
in all datasets. For a fair comparison, we use the MeshUDF
[12] algorithm to extract open surfaces from unsigned dis-
tance fields like previous methods [9, 22, 23, 55], and use
the Chamfer Distance (CD) as the metric for DF3D dataset
and DTU dataset that provide ground truth.

Baselines. We compare the proposed method with the
following state-of-the-art methods: 1) SDF-based surface
reconstruction methods including NeuS [41], 2DGS [14],
and GOF [51], and 2)UDF-based surface reconstruction
methods for open surfaces including NeuralUDF [23], 2S-
UDF [9], and VRPrior [55]. For the open surface dataset
DF3D [62], we trained GOF [51] and 2S-UDF [9] with the
default parameters. Since we share Gaussian optimization
parameters with 2DGS [14], we keep these parameters the
same. The other quantitative metrics are borrowed from the
original papers.

4.2. Evaluations

Comparisons in Reconstructing Open Surfaces. We
evaluate our method on the DF3D[62] dataset which in-
cludes shapes with open surfaces. The CD (x10~2) in Ta-
ble 1 indicates that we achieve the best performance com-
pared to baseline methods. The reconstruction errors with
SDF-based baselines including NeuS [41], 2DGS [14], and
GOF [51] are large because they try to either wrap the sur-
face with closed mesh or excessively smooth out the details
on the clothing. The visual comparisons in Figure 5 show
that our method can reconstruct open surfaces with more
details. The methods 2DGS and GOF inherit the short-
coming of SDF-based methods which learn to reconstruct
closed surfaces. This results double-layered faces and in-
creases the reconstruction errors. The UDF-based baselines
reconstruct the open surface correctly, but they fail to cap-
ture details, resulting in over-smoothed results. Thanks to
the quick convergence of 3D Gaussian splatting, the speed
of training our method can be much faster than the NeRF-
based methods for open surface reconstruction.

Comparisons in Reconstructing Closed Surfaces. We
further conduct evaluations on the DTU dataset, and report
the quantitative and visual comparisons in Table 2 and Fig-
ure 6, respectively. Our method achieves the best perfor-
mance in terms of average CD compared among baseline
methods, demonstrating its overall robustness. The com-
plex gradients near the surface make the learning of UDF
more challenging than SDF. Without assuming closed sur-
faces, our method still achieves comparable results or even
better results in some scenes to SDF-based methods that are
specifically designed for closed surfaces. Moreover, our
approach achieves better quantification on some relatively
complex shapes than baseline methods. As shown in the
error map in Figure 6, our method accurately reconstructs
surface even with complex light conditions. The underly-
ing reason is that the geometric information of the UDF is
derived from the positions of Gaussians, making it less sen-
sitive to appearance attributes like opacity.

Results on Real Scans. We first conduct evaluation on the
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Figure 7. The reconstruction results on NeUDF [22] dataset. Our
method accurately reconstructs the open surfaces in real scans.
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Ref. Image

Figure 8. The reconstruction results on real scans. Our method
reconstructs more accurate and complete surfaces.

public real-captured NeUDF [22] dataset. As shown in Fig-
ure 7, our method can reconstruct extremely flat and thin
surfaces. Due to the detail-capturing capability of Gaus-
sian Splatting, our method achieves a more complete ge-
ometry reconstruction compared to the NeRF-based state-

Settings ‘ Far Near Proj Warp ‘ CDh |
Only Far v 0.99
Far & Near | v v 0.78
Far & Proj | v v 0.88
w/o Warp v v v 0.74
w/o Near v v v 0.77
w/o Proj v v v 0.76
Full Model | v v v v 0.68

Table 3. Ablation studies on DTU dataset. The results show that
all designs in our method are effective.

I\leuralU%F' 2S-UDF 'VPrior ,
//

Figure 9. The UDFs learned with different methods. Our method
learned more complete and smoother level sets in the field.

of-the-art VRPrior [55], such as the plant leaves, even if it
uses additional data-driven learned priors. We further report
our results on our self-captured four scenes with thin and
open surfaces. As shown in Figure 8, VRPrior [55] strug-
gles to reconstruct correct structures for objects with rel-
atively simple textures, and GOF [51] reconstructs double-
layer surfaces without smoothness. Instead, our method can
reconstruct more complete, accurate, and smoother meshes.

4.3. Visual Analysis in Unsigned Distance Fields

Visualization of Unsigned Distance Fields. We visualize
the learned unsigned distance fields in Figure 9. We use the
unsigned distances from UDFs learned by different methods
and map these distances in colors. Points near the surface
are close to blue, while points far from the surface are close
to red. NeuralUDF [23] learns zero UDF values far from
the surface, which increases the difficulty of convergence.
2S-UDF [9] learns a complex function close to the surface
due to overfitting on textures. With the help of the depth
prior, VRPrior [55] learns better fields. However, it fails to
capture the correct boundaries and almost closes the adja-
cent open surfaces. Our method learns the most accurate
implicit functions without any extra prior.

Point Cloud Deformation. With the learned unsigned dis-
tance function, we can obtain the distance and the direction
pointing to the surface for any point. Therefore, the UDF
can deform source point clouds into the shape represented
by the UDF. As shown in Figure 10, we gradually pull the
input point clouds into the garments with Eq. (3), which val-
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Figure 10. Point cloud deformation in the learned unsigned distance field. The accurate field can deform point clouds with any shapes
(such as apple and donut) into the target shapes represented by the UDFs.

Figure 11. Visual comparisons with each of our constraints. The
results show all components in our method are critical for our ac-
curate surface reconstruction.

idates that the implicit function has learned correct surface
information at any point in space.

4.4. Ablation Studies

We conduct ablation studies on the DTU dataset [16] to
show the impact of each module on the performance, and
the full quantitative results are reported in Table 3.

Firstly, we try to learn the unsigned distance fields di-
rectly from the Gaussian point clouds, which is similar to
the target of point cloud reconstruction [27, 60]. As shown
by the row “Only Far” in Table 3, the performance drops
significantly and the reason is that the point clouds of Gaus-
sians are noisy, sparse and uneven, which cannot provide
accurate geometry information. Overfitting a low-quality
point cloud results in a poor surface, as shown in the first
picture in Figure 11. We also combine the L tq, With L.,
and Ly, respectively. The results in “Far & Near” and
“Far & Proj” show that both losses are critical for the accu-
rate reconstruction and L., plays a more important role.

To show how each loss affects our method, we remove
the terms one by one and report the metrics as “w/o Near”,
“w/o Proj” and “w/o Warp”. The results show that each loss
plays a positive role in the final result, verifying the effec-

tiveness of different parts of our method. Besides, removing
the L,cqr loss leads to the largest drop in average metrics,
which also proves that the self-supervision loss provides the
most important information for learning UDFs.

We gradually add different losses in the order of L.,
Lyrojs Lnears and Lyyqrp, and show the changes in results in
Figure 1 1. Projecting Gaussians to the surface helps to learn
a smooth surface, and self-supervision can fill the holes in
the meshes. The warp loss captures more details. All loss
terms contribute to more accurate surface reconstruction.

Limitations. Compared to SDF-based reconstruction
methods, our approach demonstrates reduced performance
in reconstructing textureless structures. This limitation
arises from the high flexibility of UDF, which introduces
complexities into the optimization process. Moreover, ex-
tracting surfaces from UDF fields is still an ongoing chal-
lenge [52, 60], which constrains the quality of the recon-
structed open mesh. These factors result in a lack of de-
tail in the surfaces reconstructed by our method, particularly
for complex structures. In future work, incorporating addi-
tional priors, such as normals, masks, and depth, could help
capture higher-frequency signals. Furthermore, integrating
our approach with the latest UDF extraction methods [5, 52]
may also enhance the quality of the reconstructed mesh.

5. Conclusion

We introduce an approach to reconstructing shapes with
open surfaces and sharp boundaries from multi-view im-
ages with 3DGS. Our method can not only benefit from the
high training efficiency of 3DGS, but also recover more ac-
curate, complete, and continuous UDFs from discrete 3D
Gaussians. The proposed constraints effectively overfit 3D
Gaussians on surfaces, based on which our strategies for un-
signed distance inference can recover high fidelity unsigned
distance fields. Our evaluations justify the effectiveness of
each module, and show advantages over the latest methods
in terms of accuracy, completeness, and sharpness on recon-
struction with open surfaces.
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