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Figure 1. Sparse view reconstruction and rendering comparison. Left: Qualitative results from 10 images evenly sampled from a
casually captured 360-degree video. Right: Quantitative analysis of 5, 10, and 20 input views, averaged across the selected 9 MobileBrick
test scenes. 3DGS-based methods (e.g., GOF) achieve superior novel view rendering than SDF-based methods (e.g., Voxurf) due to their
sparse representations, which capture fine details. However, SDF-based methods outperform the former in mesh reconstruction, as their
dense representations better preserve global geometry. Our approach combines the strengths of both, achieving optimal performance.

Abstract

Surface reconstruction and novel view rendering from
sparse-view images are challenging.  Signed Distance
Function (SDF)-based methods struggle with fine details,
while 3D Gaussian Splatting (3DGS)-based approaches
lack global geometry coherence. We propose a novel hybrid
method that combines the strengths of both approaches:
SDF captures coarse geometry to enhance 3DGS-based
rendering, while newly rendered images from 3DGS refine
the details of SDF for accurate surface reconstruction. As
a result, our method surpasses state-of-the-art approaches
in surface reconstruction and novel view synthesis on the
DTU and MobileBrick datasets. Code will be released at:
hitps://github.com/aim-uofa/SurfaceSplat.

1. Introduction

3D reconstruction from multi-view images is a core prob-
lem in computer vision with applications in virtual reality,
robotics, and autonomous driving. Recent advances in Neu-
ral Radiance Fields (NeRF) [25] and 3D Gaussian Splatting
(3DGS) [17] have significantly advanced the field. How-
ever, their performance degrades under sparse-view condi-
tions, a common real-world challenge. This paper tackles
sparse-view reconstruction to bridge this gap. Unlike ap-

proaches that leverage generative models [10, 39, 40, 43] or
learn geometry priors through large-scale pretraining [6, 21,
29, 49], we focus on identifying the optimal 3D representa-
tions for surface reconstruction and novel view synthesis.
Surface reconstruction methods primarily use the Signed
Distance Function (SDF) or 3DGS-based representations.
Here, SDF-based approaches, such as NeuS [36] and Vox-
urf [41], model scene geometry continuously with dense
representations and optimize them via differentiable vol-
ume rendering [25]. In contrast, 3DGS-based methods like
GOF [53] and 2DGS [15] leverage a pre-computed sparse
point cloud for image rendering and progressively den-
sify and refine it through differentiable rasterization. Due
to their dense representations, SDF-based methods capture
global structures well but lack fine details, while the sparse
nature of 3DGS-based methods enables high-frequency de-
tail preservation but compromises global coherence. As a
result, both approaches struggle with poor reconstruction
quality under sparse-view conditions. Typically, SDF-based
methods outperform 3DGS in surface reconstruction, while
3DGS excels in image rendering, as illustrated in Fig. 1.
Recognizing the complementary strengths of SDF-based
(dense) and 3DGS-based (sparse) representations, we pro-
pose a novel hybrid approach, SurfaceSplat, as illustrated
in Fig. 2. Our method is built on two key ideas: (i) SDF
for Improved 3DGS: To address the limitation of 3DGS
in learning global geometry, we first fit the global struc-
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ture using an SDF-based representation, rapidly generating
a smooth yet coarse mesh. We then initialize 3DGS by sam-
pling point clouds from the mesh surface, ensuring global
consistency while allowing 3DGS to refine fine details dur-
ing training. (ii) 3DGS for Enhanced SDF: To compensate
for the inability of SDF-based methods to capture fine de-
tails under sparse-view settings, we leverage the improved
3DGS from the first step to render additional novel view-
point images, expanding the dataset. This enriched supervi-
sion helps the SDF-based method learn finer structural de-
tails, leading to improved reconstruction quality.

We conduct experiments on two real-world datasets,
DTU [16] and MobileBrick [19]. Our method, SurfaceS-
plat, achieves state-of-the-art performance in sparse-view
novel view rendering and 3D mesh reconstruction. In sum-
mary, we make the following contributions:

* We propose SurfaceSplat, which synergistically com-
bines the strengths of SDF-based and 3DGS-based rep-
resentations to achieve optimal global geometry preser-
vation while capturing fine local details.

* We conducted a comprehensive evaluation and ablations
on DTU and MobileBrick datasets. SurfaceSplat achieves
state-of-the-art performance in novel view synthesis and
mesh reconstruction under sparse-view conditions.

2. Related work

2.1. Novel View Synthesis from Sparse Inputs

Neural Radiance Fields (NeRFs)-based methods [2, 3, 5, 7,
12, 25, 26, 33, 35, 45, 55] have revolutionized novel view
synthesis with implicit neural representations, and 3DGS-
based methods [17, 23, 32, 34, 44, 47, 52] enable efficient
training and real-time rendering through explicit 3D point
clouds. However, both approaches suffer from performance
degradation in sparse-view settings. To address this issue,
recent methods have explored generative models [10, 39,
40, 43] or leveraged large-scale training to learn geometric
priors [6, 21, 29, 49]. Unlike these approaches, we argue
that the key challenge lies in the lack of effective geometric
initialization for 3DGS. To overcome this, we investigate
how neural surface reconstruction methods can enhance its
performance.

2.2. Neural Surface Reconstruction

SDF-based methods, such as NeuS [36], VoISDF [46], Neu-
ralangelo [20], and PoRF [4] use dense neural representa-
tions and differentiable volume rendering to achieve high-
quality reconstructions with 3D supervision. However, they
suffer from long optimization times and require dense view-
point images. Recent methods, such as 2DGS [15] and
GOF [53], extend 3DGS [17] by leveraging modified Gaus-
sians and depth correction to accelerate geometry extrac-
tion. While 3DGS-based methods [1, 8, 13, 15, 18, 37, 53,

54] excel at capturing fine local details, their sparse repre-
sentations struggle to maintain global geometry, leading to
incomplete and fragmented reconstructions. This paper fo-
cuses on integrating the strengths of both representations to
achieve optimal neural surface reconstruction.

2.3. Combing 3DGS and SDF

Several recent approaches have integrated SDF-based [27,
28] and 3DGS-based representations to improve surface
reconstruction. NeuSG [9] and GSDF [50] jointly op-
timize SDF and 3DGS, enforcing geometric consistency
(e.g., depths and normals) to improve surface detail [14].
Similarly, 3DGSR [24] combines SDF values with Gaus-
sian opacity in a joint optimization framework for better
geometry. While effective in dense-view settings, these
methods struggle to reconstruct high-quality structures un-
der sparse-view conditions, as shown in our experiments in
Sec. 4. Our approach specifically targets sparse-view sce-
narios by leveraging a complementary structure to enhance
both rendering and reconstruction quality.

3. Method

Our method takes sparse viewpoint images with camera
poses as input, aiming to reconstruct 3D geometry and
color for novel view synthesis and mesh extraction. Fig. 2
provides an overview of SurfaceSplat. In the following
sections, we first introduce the preliminaries in Sec. 3.1,
then explain how SDF-based mesh reconstruction improves
3DGS for novel view synthesis in Sec. 3.2, and finally
describe how 3DGS-based rendering enhances SDF-based
surface reconstruction quality in Sec. 3.3.

3.1. Preliminaries

SDF-based representation. NeuS [36] proposes to model
scene coordinates as signed distance function (SDF) values
and optimize using differentiable volume rendering, similar
to NeRF [25]. After optimization, object surfaces are ex-
tracted using the marching cubes algorithm [22]. To render
a pixel, a ray is cast from the camera center o through the
pixel along the viewing direction v as {p(t) = o+tv|t > 0},
and the pixel color is computed by integrating N sampled
points along the ray {p; = o+ t;v|i = 1,.... N, t; < t;iy1}
using volume rendering:

N i—1
é(T) = ZTZ‘OQCZ‘, Ti = H(l — aj), (1)
i=1 7j=1

where «; represents opacity and 7 is the accumulated trans-
mittance. It is computed as:

(U 0(0) ~ B pl)
w= ( 3. (F(p(t))) ’0)’ @)
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Figure 2. Overview of the proposed SurfaceSplat. (A) We reconstruct a coarse mesh using an SDF-based representation. (B) Point clouds
are sampled from the mesh surface to initialize 3DGS. (C) 3DGS renders new viewpoint images to expand the training set, refining the
mesh. (D) Steps B and C can be repeated for iterative optimization, progressively improving performance.

where f(z) is the SDF function and ®,(z) = (1 +e~5%)~!
is the Sigmoid function, with s learned during training.
Based on this, Voxurf [41] proposes a hybrid representa-
tion that combines a voxel grid with a shallow MLP to re-
construct the implicit SDF field. In the coarse stage, Vox-
urf [41] optimizes for a better overall shape by using 3D
convolution and interpolation to estimate SDF values. In the
fine stage, it increases the voxel grid resolution and employs
a dual-color MLP architecture, consisting of two networks:

Jgeo>» Which takes hierarchical geometry features as input,
and gyeq¢, Which receives local features from y (feat) along
with surface normals. We incorporate Voxurf in this work

due to its effective balance between accuracy and efficiency.

3DGS-based representation. 3DGS [17] models a set of
3D Gaussians to represent the scene, which is similar to
point clouds. Each Gaussian ellipse has a color and an opac-
ity and is defined by its centered position z (mean), and
a full covariance matrix ¥: G(z) = e~ 2% = ' When
projecting 3D Gaussians to 2D for rendering, the splatting
method is used to position the Gaussians on 2D planes,

which involves a new covariance matrix ¥’ in camera coor-
dinates defined as: ¥/ = JWEWTJT, where W denotes

a given viewing transformation matrix and J is the Jaco-
bian of the affine approximation of the projective transfor-
mation. To enable differentiable optimization, ¥ is further
decomposed into a scaling matrix S and a rotation matrix
R: ¥ = RSSTRT.

3.2. SDF for Improved 3DGS

3DGS [17] typically initializes with sparse point clouds es-
timated by COLMAP [31], which are often inaccurate or
missing in low-texture or little over-lapping regions. To
address this, we propose initializing 3DGS by uniformly
sampling points from a mesh surface derived from a SDF
representation, ensuring high-quality novel view rendering
while preserving global geometry. Below, we detail our
proposed method for mesh reconstruction, mesh cleaning,
and point cloud sampling. A visual example of the recon-
structed meshes and sampled points is shown in Fig. 3.

Coarse mesh reconstruction. Given M sparse images
{J} and their camera poses {7}, our objective is to re-
construct a 3D surface for sampling points. As our fo-
cus is on robust global geometry rather than highly accu-
rate surfaces, and to ensure efficient mesh reconstruction,
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Figure 3. Visualization of our mesh reconstruction, cleaning, and
point sampling. (b) Naive coarse mesh reconstruction following
Voxurf [41]. (c¢) Coarse mesh reconstructed with our proposed nor-
mal loss, reducing floaters. (d) Post-processed mesh with both nor-
mal loss and our cleaning methods. (e) Our sampled point clouds
used for initializing 3DGS. (f) COLMAP-estimated point clouds,
typically used for 3DGS initialization.

we adopt the coarse-stage surface reconstruction from Vox-
urf [41]. Specifically, we use a grid-based SDF represen-
tation V99 for efficient mesh reconstruction. For each
sampled 3D point x € R3, the grid outputs the correspond-
ing SDF value: vedh) . R3 5 R. We use differentiable
volume rendering to render image pixels C (r) and employs
image reconstruction loss to supervise. The loss function £
is formulated as:

£ = Lneeon + Lrv (VEUD) + Lopoon, (TVED) - 3)

where the reconstruction loss Lyecon calculates photomet-
ric image rendering loss, originating from both the gye,
and gyeq¢ branches. The L7y encourages a continuous
and compact geometry, while the smoothness regularization
Lsmooth promotes local smoothness of the geometric surface.
We refer to Voxurf [41] for the detailed implementation of
the loss functions. The coarse reconstruction typically com-
pletes in 15 minutes in our experiments.

Due to the limited number of training views, the learned
grid often exhibits floating artifacts, as shown in Fig. 3 (b),
which leads to incorrect point sampling. To mitigate this,
we introduce a normal consistency loss to improve train-
ing stability, effectively reducing floaters and smoothing
the geometric surface. Our approach leverages the pre-
dicted monocular surface normal N (r) from the Metric3D
model [48] to supervise the volume-rendered normal N (r)
in the same coordinate system. The formulation is:

Lnormal :Z(HN<I‘) —N(I')Hl) (@))

We integrate this loss with Eqn. (3) during training to effec-
tively remove floaters. Fig. 3 (c) shows a coarse mesh re-

constructed with the normal loss, demonstrating improved
surface smoothness and reduced artifacts.

Mesh cleaning. Even though the proposed normal loss
significantly reduces floaters, some still persist, adding
noise to the subsequent 3DGS initialization. To mitigate
this, we apply a mesh cleaning step that refines the coarse
mesh by removing non-main components. Specifically, we
first use Marching Cube algorithm [38] to extract triangle
mesh M = (V, ) from SDF grid V9. Then we cluster
the connected mesh triangles to {F;}, identify the largest
cluster index: |F;,, | = max(|F;|) and get remove parts

‘max

i}'remove = {f € §| f ¢ Srimax}- (5)

Finally, we filter the floaters Fremove from M, resulting in
My = M\ Fremove- Fig. 3 (d) illustrates the refined mesh
after applying our cleaning method.

Sampling surface points for 3DGS. Since the mesh ob-
tained from Marching Cubes includes regions that are invis-
ible from the training views, directly sampling points from
the mesh surface can introduce noise into 3DGS. To miti-
gate this, we propose a depth-based sampling strategy. First,
we project the reconstructed mesh onto the training views
using their known camera poses to generate depth maps
{D}. Since these depth maps originate from a 3D mesh,
they maintain multi-view consistency. We then randomly
sample points from valid depth regions, ensuring they corre-
spond to visible object surfaces. The sampled pixels (u,v),
along with their depth values d(u, v), are back-projected to
colorized 3D points P = {(z;,v;,2:) | ¢ = 1,2,...,N}
using the following formulation:

(2 v 2] =mK '[d-u d-v d’. (6

This approach ensures that the sampled points are uniformly
distributed on the object’s surface while remaining visible
in the training views, leading to a more stable and accu-
rate 3DGS initialization. As our reconstructed mesh pri-
marily covers foreground regions, we combine our sampled
point cloud with COLMAP sparse points when rendering
background regions, serving as the initialization for 3DGS.
Fig. 3 (e) and (f) illustrate our sampled point clouds and
COLMAP-estimated point clouds, respectively.

3.3. 3DGS for Enhanced SDF

We argue that the primary bottleneck for SDF-based mesh
reconstruction is insufficient supervision due to limited
training views. To address this, we generate additional
novel viewpoint images using a 3DGS-based method and
combine them with the original sparse views to enhance the
training of SDF-based reconstruction.

28528



>3 Training View
>J Expanded View

(a) Camera position perturbation (b) Camera poses interpolation

Figure 4. Top-view visualization of pose expansion strategies.

Rendering novel viewpoint images. We utilize the im-
proved 3DGS, initialized with our proposed mesh-based
point sampling method, to render images. Thanks to our
robust and dense point initialization, the 3D Gaussian §
can converge after 7k iterations in just 5 minutes, yielding
G = f(P,{I},{=}). Given new camera poses {7y }, the
3D Gaussian G can be projected to generate novel-view im-
ages as follows:

{jnew} = Splat(g, {Wnew})~ @)

The newly rendered images {Jpey } are combined with the
input images {J} to train the SDF-based mesh reconstruc-
tion. The key challenge lies in selecting new camera view-
points {7new } that best enhance surface reconstruction:

{ﬂnew} =9 ({ﬂ-}) 3

where g is our pose expansion strategy. To ensure new view-
points remain consistent with the original pose distribution
and avoid excessive deviation that could blur or diminish
the foreground, we explore two methods for generating new
camera poses. Fig. 4 shows the generated pose position.

Camera position perturbation. To generate new camera
positions while preserving proximity to the original distri-
bution, a perturbation Ap is applied to the initial camera
positions {c}. The new camera centers {c/,, } are computed:

¢ =c+Ap, ©)

where Ap = (Az, Ay, Az) represents a controlled offset
vector designed to modulate the new viewpoints.

Camera pose interpolation. Our method takes a set of
camera rotation matrices {R} and camera positions {c} as
input. To generate smooth transitions between viewpoints,
we employ cubic spline interpolation [11]. This approach
interpolates both camera positions and orientations, produc-
ing interpolated camera centers {c/,,} and rotation matrices

{R/,} that ensure visual continuity and positional coher-
ence. By maintaining these properties, the newly gener-
ated camera poses facilitate high-quality transitions, mak-
ing them well-suited for 3D mesh reconstruction. The visu-
alizations of the images generated from new viewpoints can
be found in Fig. 2 of the supplementary material.

Refining surface reconstruction. We reuse the recon-
structed coarse mesh and refine it with the original and ex-
panded novel viewpoint images. Following the fine-stage
reconstruction of Voxurf [41], we increase the grid reso-
lution and introduce a dual color network and hierarchical
geometry features for detailed surface reconstruction.

3.4. Cyclic Optimization

We propose an interactive optimization process, which be-
gins by generating an initial coarse mesh M(?). Then, in
each iteration n, the process follows two steps:

1. Rendering Step: We optimize a 3DGS model for ren-
dering novel view images, which is initialized by sampling
points from the current coarse mesh Mé") , represented by:

g = R (M@) (10)

2. Meshing Step: We refine the current mesh by fine-
tuning it using both the newly rendered images and the orig-
inal input images:

M = o (Mg">,9<">) (11)

where O represents the SDF grid optimization. Then, we
update the refined mesh:

M§n+1) _ M;n). (12)

By iterating this process, our method allows SDF-based
reconstruction and 3DGS-based rendering to complement
each other, improving both reconstruction accuracy and
novel view synthesis. To balance efficiency and accuracy,
we typically perform only one iteration.

4. Experiments

4.1. Experimental Setup

Datasets. We conduct a comprehensive evaluation of the
proposed method on the MobileBrick [19] and DTU [16]
datasets. MobileBrick is a multi-view RGB-D dataset cap-
tured on a mobile device, providing precise 3D annota-
tions for detailed 3D object reconstruction. Unlike the DTU
dataset, which is captured in a controlled lab environment,
MobileBrick represents more challenging, real-world con-
ditions, making it more reflective of everyday scenarios.
Following previous methods [19, 36, 41], we use 15 test
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Table 1. Surface reconstruction and novel view synthesis results on MobileBrick. The results are averaged over all 18 test scenes with an
initial input of 10 images per scene. PSNR-F is computed only on foreground regions. The best results are bolded.

‘ Mesh Reconstruction ‘ Rendering ‘

‘ o =2.5mm ‘ o = 5mm ‘ ‘ ‘ ‘ Time

| Accu.(%)1 | Recall(%)1 | FI1 | Accu.(%)1 | Recall(%)t | F1p | CP (mm)d | PSNRT PSNR-FfY
Voxurf [41] | 6289 | 6254 [6242] 8093 | 80.61 [80.38] 133 | 1434 | 1834 |55mins
MonoSDF [51] | 41.56 | 3247 [36.22| 57.88 | 4819 [5221| 377 | 1471 | 1542 | 6hrs
2DGS [15] | 4983 | 4532 |47.10] 7265 | 6488 [6796] 148 | 17.12 | 1852 |10 mins
GOF [53] | 5024 | 6111 5496 7499 | 8268 |78.16] 11.0 | 16.52 | 18.36 |50 mins
3DGS [17] \ \ |\ \ |\ |\ | 17.19 | 192 |10 mins
SparseGS [42] | \ |\ N ] N ]\ ] 1693 | 1874 |30 mins
Ours | 6836 | 69.79 |68.97| 8679 | 8682 [86.65| 9.7 | 1748 | 2045 | 1hr
Ours (Two cycles) | 69.61 | 6889 |69.14| 8779 | 8593 [86.74| 99 | 17.58 | 2055 | 1.6hr

Table 2. Surface reconstruction results on DTU with 5 input views. Values indicate Chamfer Distance in millimeters (mm). - denotes

failure cases where COLMAP could not generate point clouds for 3DGS initialization. GSDF-10 is reported with 10 input images, as it
fails in sparser settings. The best results are bolded, while the second-best are underlined.

Scan 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Mean Time
Voxurf [41] 274 450 3.39 1.52 2.24 2.00 2.94 1.29 249 128 245 4.69 093 2.74 129 2.43 50 mins
MonoSDF [51]  1.30 3.45 145 0.61 143 1.17 1.07 1.42 1.49 0.79 3.06 2.60 0.60 2.21 2.87 1.70 6 hrs
SparseNeuS [21]  3.57 3.73 3.11 1.50 2.36 2.89 1.91 2.10 2.89 2.01 2.08 3.44 121 2.19 2.11 2.43 Pretrain + 2 hrs ft
2DGS [15] 426 4.80 5.53 1.50 3.01 1.99 2.66 3.65 3.06 2.54 2.15 - 0096 2.17 131 2.84 6 mins
GOF (TSDF) [53] 7.30 5.80 6.03 2.79 4.23 3.41 344 437 3.75 2.99 3.19 - 2.64 3.67 225 4.03 50 mins
GOF [53] 437 3.68 3.84 229 4.40 328 2.84 4.64 340 376 3.56 - 3.06 2.95 291 3.55 50 mins
GSDF-10[50]  6.89 6.82 7.97 6.54 522 191 556 4.38 7.01 3.69 633 6.33 3.95 6.30 2.09 5.40 3 hrs
Ours 1.55 2.64 1.52 140 1.51 146 123 1.43 1.82 1.19 1.49 1.80 0.54 1.19 1.04 145 1hr

scenes from DTU and 18 test scenes from MobileBrick for
evaluation. In the MobileBrick dataset, each scene consists
of 360-degree multi-view images, from which we sample 10
images with 10% overlap for sparse view reconstruction. In
contrast, the DTU dataset, with higher overlap, is sampled
with 5 frames per scene. We also present reconstruction re-
sults for the little-overlapping 3-view setting in the supple-
mentary materials. For fair comparison, 3DGS-based meth-
ods are initialized using point clouds from COLMAP[30]
with ground-truth poses. The selected images and poses
are used for 3D reconstruction, while the remaining images
serve as a test set for evaluating novel view rendering.

Baselines. We compare our proposed method with both
SDF-based and 3DGS-based approaches for surface recon-
struction. The SDF-based methods include MonoSDF[51],
Voxurf[41], and SparseNeuS [21], which is pre-trained
on large-scale data. The 3DGS-based methods include
2DGS[15] and GOF[53]. Additionally, we compare with

GSDF [50], which integrates both SDF and 3DGS, similar
to our approach, but is designed for dense-view settings. For
novel view rendering, we evaluate all these methods along
with 3DGS[17] and SparseGS[42].

Evaluation metrics. We follow the official evaluation
metrics on MobileBrick, reporting Chamfer Distance, pre-
cision, recall, and F1 score at two thresholds: 2.5mm and
5mm. For the DTU dataset, we use Chamfer Distance as
the primary metric for surface reconstruction. To evalu-
ate novel view rendering performance, we report PSNR for
full images and PSNR-F, which is computed only over fore-
ground regions. In each scene, we train models using sparse
input images and test on all remaining views. The final re-
sult is averaged over all evaluation images.

Implementation details. We set the voxel grid resolution
to 96 during coarse mesh training, requiring approximately
15 minutes for 10k iterations. The weight of the proposed
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Table 3. Surface reconstruction results with varying numbers of
input views on MobileBrick (porsche) and DTU (scan69). The
Baseline represents a pure SDF-based reconstruction without the
assistance from 3DGS. § indicates the improvement.

MobileBrick / F1 score
Input | Baseline Ours § |Baseline Ours 0

5 3350 4311 +9.61| 2940 1.230 -1.710
10 | 59.66 6237 +2.71| 1.362 1.165 -0.197
20 | 63.18 63.88 +0.7 | 1.043 0.965 -0.078

DTU /CD

normal loss is set to 0.05, while all other parameters follow
Voxurf [41]. Next, we train 3DGS [17] for 7k iterations,
which takes around 5 minutes, and render 10 new viewpoint
images within 30 seconds. After expanding the training im-
ages, we increase the voxel grid resolution to 2562 and train
for 20k iterations, taking approximately 40 minutes. Thus,
a complete optimization cycle takes roughly 1 hour.

4.2. Comparisons

Results on MobileBrick. Table | presents a quantitative
comparison of our method against previous approaches.
The results show that Voxurf [41], which utilizes an SDF-
based representation, outperforms 2DGS [15] and GOF [53]
(both 3DGS-based methods) in surface reconstruction met-
rics, particularly in terms of the F1 score. However, all
3DGS-based methods achieve notably better novel view
rendering performance, as evidenced by their higher PSNR
values compared to Voxurf. A visual comparison is illus-
trated in Fig. 5 and Fig. 6. BBy leveraging the strengths of
both SDF and 3DGS representations, our method achieves
state-of-the-art performance in surface reconstruction and
novel view synthesis. To balance efficiency and perfor-
mance, we adopt a single-cycle approach in practice.

Results on DTU. Table 2 presents surface reconstruction
results on the DTU dataset, which is particularly challeng-
ing due to the use of only 5 uniformly sampled frames for
reconstruction. SparseNeuS [21] is a pre-trained model that
requires an additional 2 hours of fine-tuning. COLMAP
fails to generate sparse point clouds for scene 110, prevent-
ing 3DGS initialization. GSDF [50] struggles in sparse-
view settings, so we train it on 10 images. Despite these
challenges, our method achieves robust reconstruction and
significantly outperforms other approaches.

4.3. Ablations

Efficacy of 3DGS for Improving SDF. Table 3 compares
our method with a pure SDF-based reconstruction baseline
at different sparsity levels, using up to 20 images per scene.
The results on MobileBrick and DTU validate the effective-
ness of our 3DGS-assisted SDF approach. More results are

Table 4. 3DGS rendering results with different initializations, av-
eraged across all 18 MobileBrick test scenes.

Method ‘ Foreground PSNR
3DGS (COLMAP) 19.13
3DGS w/ mesh clean 19.88
3DGS w/ normal and mesh clean 20.45

Table 5. Ablation study on pose expansion strategies for in Mo-
bileBrick (aston) with 10 input images.

| F11 | Recall(%)1 | CD (mm)]

Baseline |55.8] 499 | 87
Camera position perturbation | 59.9 574 6.6
Camera poses interpolation | 60.8 59.1 6.4

provided in the supplementary material.
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Figure 7. econstruction quality with varying numbers of 3DGS-
rendered novel view images from expanded poses, averaged across
all 18 MobileBrick test scenes, with an initial input of 10 images.

Efficacy of SDF for enhancing 3DGS. Table 4 com-
pares the novel view rendering results for 3DGS using point
clouds initialized with different sampling strategies. The re-
sults demonstrate that our proposed mesh cleaning and nor-
mal supervision notably improve 3DGS performance.

Number of newly rendered views. Fig. 7 illustrates the
impact of the number of newly rendered images on surface
reconstruction. On MobileBrick, rendering 10 novel views
significantly improves Chamfer Distance (26.5%) and F1
(7.2%). As the number of novel views increases, accuracy
gains gradually diminish. This suggests that while addi-
tional renderings refine reconstruction, the majority of ben-
efits are achieved with the first 10 rendered images.

Different pose expansion strategies. Table 5 summa-
rizes the reconstruction performance with expansion images
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Figure 5. Qualitative mesh reconstruction comparisons on MobileBrick. See more visual results in supplementary material.
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Figure 6. Qualitative novel view synthesis comparisons on MobileBrick.

from different strategies. We double the number of original
input camera poses, generating new viewpoints and render-
ing additional images accordingly. The two strategies sig-
nificantly enhance surface reconstruction quality, with cam-
era pose interpolation yielding the greatest improvement.

5. Conclusion

This paper introduces a novel framework for sparse-view
reconstruction, where SDF-based and 3DGS-based repre-
sentations complement each other to enhance both surface
reconstruction and novel view rendering. Specifically, our
method leverages SDF for modeling global geometry and
3DGS for capturing fine details, achieving significant im-

provements over state-of-the-art methods on two widely
used real-world datasets.

Limitation and future work. Although our method can
theoretically be generalized to any SDF and novel view ren-
dering approaches, our current implementation is built on
Voxurf and 3DGS, which were selected for their efficiency-
performance trade-off. As a result, our method is currently
limited to object-level scenes and struggles with extremely
sparse inputs, such as only two images. In the future, we
aim to extend our approach to handle more diverse scenes
and further improve its robustness to sparse inputs.
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