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Abstract

Reconstructing real-world objects from multi-view im-
ages is essential for applications in 3D editing, AR/VR, and
digital content creation. Existing methods typically priori-
tize either geometric accuracy (Multi-View Stereo) or pho-
torealistic rendering (Novel View Synthesis), often decou-
pling geometry and appearance optimization, which hin-
ders downstream editing tasks. This paper advocates an
unified treatment on geometry and appearance optimiza-
tion for seamless Gaussian-mesh joint optimization. More
specifically, we propose a novel framework that simul-
taneously optimizes mesh geometry (vertex positions and
faces) and vertex colors via Gaussian-guided mesh differen-
tiable rendering, leveraging photometric consistency from
input images and geometric regularization from normal and
depth maps. The obtained high-quality 3D reconstruc-
tion can be further exploit in down-stream editing tasks,
such as relighting and shape deformation. Our code will
be released in https://github.com/zhejia0l/
TexGuided—-GS2Mesh

1. Introduction

Reconstruction of real-world objects from multi-view im-
ages plays a central role in a wide realm of applications,
including 3D editing[19], AR/VR[2, 3], film industry[7], to
name a few. Upon the recent advances on high-quality re-
construction, in this paper we investigate a relatively under-
explored problem — how fo ease editing operations on both
geometry and appearance of digitizations in a unified man-
ner? In fact, this problem is becoming increasingly critical
with the rapid advancement of interactive virtual environ-
ments. For instance, one might expect to deform an object
and/or change lighting condition during interaction.

The key bottleneck of the aforementioned task, in our
opinion, is the separated focus of the mainstream 3D rep-
resentations utilized in reconstruction. For instance, classi-
cal multi-view stereo (MVS) approaches [8, 20, 24, 29, 33,
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36] primarily focus on reconstructing dense point clouds
from triangulation guided by photometric consistency and
leave appearance alignment to post-processing(e.g., tex-
ture baking [8]). Such approaches can capture fine geomet-
ric details while suffering from oversimplified/inconsistent
texture maps due to their heavy reliance on geometric
priors[40, 45]. On the other hand, Neural View Synthe-
sis (NVS) methods[1, 18, 26, 27, 46] have gained con-
siderable popularity in computer vision, which predomi-
nantly focus on producing high-fidelity novel view render-
ings. Mesh reconstruction approaches(e.g., [14, 41, 44, 47]
)based on these NVS methods essentially rely on signed dis-
tance field(SDF)[30] representation for geometry extraction
and appearance association. However, SDF is not trivial to
plug into existing geometry processing tools, rendering its
difficulty in the geometric editing.

Perhaps the most relevant works to ours is NVd-
iffrec(mc) [13, 28] and NerF2Mesh [39], which both ex-
tract meshes from NVS reconstruction for consequent re-
finement. To attach appearance, these works train neural
networks such as coordinate-field MLP [39] to address the
challenging problem of mapping texture onto meshes. From
this point of view, the geometry and appearance remain dis-
entangled in optimization (or learning), hindering their util-
ities in the scenarios requiring simultaneously editing from
both perspectives, as mentioned in the beginning.

To address this problem, our key insight is to enhance
the coherence between geometry and appearance, in both
representation and optimization. More specifically, starting
from a set of multiview images, we first leverage the recent
advances in 3DGS [18] to achieve appearance reconstruc-
tion and extract a coarse mesh. Crucially, we advocate to
decorate this mesh with per-vertex color, which is also ac-
cessible from the 3DGS reconstruction. Thus, we can op-
timize geometry and appearance in a unified manner and
easily adopt methods developed in geometry processing. In
particular, we adopt the iterative, inverse-rendering-based
remeshing method [31] into our framework. Unlike Con-
tinousRemeshing [31] depending on the ground-truth nor-



mal and depth rendered from the given target geometry, our
method can effectively refine the initial mesh via photomet-
ric consistency, weak geometric supervision from the initial
mesh and some mild geometric regularization.

Though our approach seems conceptually simple, we
need to overcome the disadvantage of per-vertex color en-
coding. More specifically, due to the linear nature of our
color coding, it is prone to produce color artifacts, espe-
cially around the regions consisting of smooth geometric
change but dramatic texture variation. To this end, we fur-
ther propose a Texture-based Edge Length Control (TELC)
scheme to robustify our remeshing pipeline.

Finally, to fully exploit the high-quality textured mesh,
we further propose a vertex-Gaussian binding scheme, so
that the improved geometry can be transferred to the bound
Gaussian, which enables simultaneous material and geo-
metric editing of the reconstructed object.

We conduct a rich set of experiments to verify the effec-
tiveness and efficiency of our pipeline, highlighting its supe-
riority in geometric accuracy, rendering fidelity, relighting
precision, and deformation consistency.

2. Related Work

2.1. Surface Reconstruction with Volume Render-
ing

Neural Radiance Fields (NeRF) [26] represent a scene as a
continuous volumetric function using a neural network that
predicts the color and density for points in 3D space, en-
abling photo-realistic novel view synthesis. 3D Gaussian
Splatting (3DGS)[ 18] optimizes an explicit representation
through differentiable rasterization, which not only signifi-
cantly enhances training speed but also improves the quality
of novel view synthesis.

However, NeRF and 3DGS are not specifically designed
for mesh extraction tasks, and therefore extracting meshes
based on the density of sampled points leads to inaccu-
rate reconstruction results. To address these limitations,
NeuS[42] represents surfaces as the zero-level set of SDF
and introduces a new volume rendering formulation to re-
duce geometric bias inherent in conventional volume ren-
dering. NeuS2[43] and Neuralangelo[22] integrate multi-
resolution hash encodings and accelerate training. Methods
like IRON [48], NeMF [50], Neural Microfacet [25], and
ROSA [16] further study object-centric inverse rendering
to jointly recover geometry and materials/appearance from
images, complementing scene-level surface reconstruction
methods. In terms of explicit mesh extraction meshod,
SuGaR[12] and Gaussian Surfels[6] regulate Gaussians
and extract meshes by Poisson reconstruction[17] tech-
nique. 2D Gaussian Splatting (2DGS)[14] improves upon
3DGS by using 2D oriented planar Gaussian disks and
employs TSDF fusion[5]. Furthermore, Gaussian Opac-

ity Field (GOF)[47] provides a tetrahedron grid-based tech-
nique based on DMTet[34] instead of Poisson reconstruc-
tion and TSDF fusion. Planar-based Gaussian Splatting Re-
construction (PGSR) [4] presents a representation for ef-
ficient and high-fidelity surface reconstruction from multi-
view RGB images and surpasses all existing methods. How-
ever, solely relying on parameter extraction of meshes from
3D representations can lead to a gap between 2D and 3D
representations. That is, detailed information in multi-view
images may be lost in the process from 2D images to 3D
representations to 3D meshes. Therefore, we propose a
method that optimizes meshes by simultaneously utilizing
2D images and 3D representations, enabling the meshes to
have finer details.

2.2. Hybrid of Gaussian Splatting and Mesh Rep-
resentations

Recent works in the field of computer graphics and geome-
try processing have explored hybrid methods that combine
the advantages of mesh representations with the flexibil-
ity of Gaussian splatting. These approaches typically bind
Gaussians to the vertices or faces of a coarse mesh, allowing
the Gaussians to benefit from the geometric structure pro-
vided by the mesh. The primary goal of these methods is to
enhance the rendering quality of the Gaussians, leveraging
the mesh’s shape to improve the appearance and coherence
of the splatting process.

For instance, Mani-GS [11] presents a hybrid approach
that binds Gaussians to a coarse mesh, aiming to refine their
appearance through optimization techniques. The idea is to
optimize the Gaussian parameters (such as position, scale,
and opacity) while keeping the Gaussians aligned with the
mesh structure. Similarly, Gaussian Mesh Splatting [10]
also explores the fusion of Gaussian splatting with mesh
representations, primarily focusing on how to deform Gaus-
sians in accordance with mesh transformations, thereby en-
abling dynamic scene rendering and deformation.

However, these existing methods predominantly focus
on binding Gaussians to a static or deformed mesh structure
and optimizing their rendering effects. While they effec-
tively improve the visual quality of Gaussians on the mesh,
they largely neglect the reverse conversion—how to transfer
learned Gaussian attributes back to the mesh for tasks such
as relighting or deformation.

2.3. Reconstruction via Optimization

Recent works have sought to bridge the gap between im-
plicit neural representations and explicit 3D meshes for
practical applications. Among these, NeRF2Mesh[39] ex-
tracts a coarse mesh and iteratively refines both vertex po-
sitions and face density using re-projection errors to guide
adaptive surface optimization. However, NeRF2Mesh de-
couples geometry and view-dependent appearance, process-
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Figure 1. The schematic illustration of our pipeline.

ing them independently, which may limit the potential for
joint optimization. Continuous remeshing[31] provides a
tool for achieving higher-quality geometric optimization,
avoiding unreasonable face patches during the refinement
process. Similar to NeRF2Mesh, it also neglects the influ-
ence of appearance on the refinement process, potentially
missing opportunities for enhanced reconstruction quality.
Other end-to-end pipelines [23, 34, 35, 37, 38] for mesh re-
construction from multi-view images still face challenges
in reconstructing fine details. Like the aforementioned
methods, these approaches often disregard the role of ap-
pearance, limiting their ability to leverage joint geometry-
appearance optimization for improved results.

3. Method

As shown in Fig. 1, starting from multi-view images, we
first use off-the-shelf 3DGS methods [14, 18, 47] to re-
construct the scene, then compute TSDF upon the 3DGS
representation, and finally obtain the initial mesh M,; =
(VO 1% (C°) with marching cube algorithm. Here V0 =
{Ui S R3 ?:1, 70 = {t]’}}nzl, and C0 = {Ci S RS}?:D
are respectively the vertex, face and per-vertex color ex-
tracted from the reconstruction. From Sec. 3.1 to Sec. 3.3,
we introduce our texture-guided remeshing, which effec-
tively refines the geometry of M;,,; while preserving ren-
dering quality. On top of the improved textured mesh, in
Sec. 3.4 we propose a novel approach to bind mesh to Gaus-
sian, which improves results in tasks such as relighting and
deformation.

3.1. Geometry-Color Remeshing Operations

It is well-known that geometry is generally not well recon-
structed by 3DGS on their own (see also Fig. 3). Our first
goal is to refine M;,;. Obviously, independently optimiz-
ing it with respect to geometric loss would fall short of pre-
serving the rendering quality. Our key insight is to introduce
the appearance attributes, namely, color, to join the geomet-

ric refinement.

For mesh refinement, we adopt the framework of Con-
tinuousRemeshing [31], which leverage inverse rendering
technique [21] to remesh a sphere to a target mesh. The
remeshing is performed by enforcing the normal and depth
image of remeshed object to approximate those computed
on the target from multiple views. In particular, to accom-
modate the color attributes, we extend the standard remesh-
ing operations to the following geometry-color-based ones:
Edge Split with Color Interpolation: When splitting edge
e = (v;,v;) on triangle (v;,v;,v;), we create a new ver-
tex vy, with position and color bilinearly interpolated at the
midpoint of e, after that creating three edges e, e, e3 and
removing one edge e:

L V; + ’Uj C; + Cj
(Ukyck) = ( 2 ) 2 )
€1 = (vl7vk)762 = (’Ui,’Uk),eg, = (’Uj,’l)k),

remove e = (v;, ;).

(1

Edge Collapse with Color Fusion: Collapsing edge e =
(vs,v;) propagates color information through merging the
two endpoints of the edge to the midpoint.We move v;
to the midpoint and still mark it as v;. For any edge
€any = (Vany,vj) connected to vertex v;, we change it to
(Vany, v;). We define all edges between two endpoints with
more than one edge as redundant and remove them:

) N vi—&-vj C7;+Cj
('Uzacz) = ( 2 ) 2 > )

Cany = (’Uanyﬂvj) — (vanyﬂ)i)y

remove e where redundant.

2

Edge Flip with Color Preservation (optional): For edge
e = (v;,v;) between triangles (v;, v;,vr) and (vs, v;, vp),
flipping to (vg, v;) preserves color coherence through:

e = (v;,v;) = (vg,vp). 3)



w/ TELC
Figure 2. Remeshing results with (middle) and without (right) tex-
ture density based edge length control (i.e., TELC).

w/o TELC

To preserve color consistency during optimization, we
note that edge flipping can introduce abrupt color changes
at patch centroids due to interpolation, particularly when
neighboring faces exhibit significant color variations.
Therefore, we implement edge flipping intermittently, ex-
ecuting the operation every few optimization steps rather
than continuously.

We defer details of our optimization goal, which involves
photometric consistency and geometric regularization, to
Sec. 3.3. Similarly, we refer readers to Sec. 6 of the Supp.
for the details of the remesh algorithm.

3.2. Texture-Based Edge Length Control

Though the geometry-color remeshing operations presented
in the last part enables flexible and efficient update on color
attributes of each vertex, it can potentially introduce color
artifacts due to the linear nature of color assignment. There-
fore, we shall take gradients over the appearance domain
into consideration of performing remeshing operations.

To see this, let us consider the mallard on the left of
Fig. 2, whose wing exhibits both sharp color transition
(from green to white) and smooth geometric change. With-
out control signal from appearance domain, we end up at the
right panel of Fig. 2 — there exists large triangle face cross-
ing the boundary, leading to color leakage in such areas.
Intuitively, we would like to have smaller triangles crossing
the boundary in appearance, and respectively larger trian-
gles among flat regions from the perspectives of both ge-
ometry and appearance. To achieve such, we introduce a
simple yet effective edge length control scheme, which in-
corporates the frequency change computed in the appear-
ance domain.

In ContinousRemeshing [31], one computes a constant
optimal edge length lff:fl at each iteration based on the
geometry obtained at k" iteration. Subsequently, we de-
fine edge length tolerance € to constrain the range of edge
length. For each edge [ at (k + l)th iteration, one per-
forms remeshing if its length deviates from l’je ¢ by a mar-
gin, namely, when

llength(l) — I8 > e x 15 (4)

Now we let M be the mesh at the (k + l)th iteration

of remeshing, and computes lffjfl following [31], which
is based on geometry. Recall that we are given multi-
view images Z = {Iy,Is,...,I;} as input, where each
I; € R¥*HXW We proceed through the following steps:
Compute texture density map: For each pixel, p in I;,
we consider the 3 x 3 neighborhood around it, then per-
form Fast Fourier transform (FFT) and compute the mag-
nitude of the FFT output, which is a single scalar value
assigned to p, reflecting the oscillation in the regarding
patch. Going through all pixels and all images, we obtain
the texture density map F = {f1, fo, ..., fs}, where each
fi pel;, — RT.
Back-project texture density map to meshes and nor-
malize: For each vertex v, in the mesh M, we consider
the image subset where it is visible and denote by vis(p)
the regarding indices in {1, 2, ..., s}. We back-project v,, to
a pixel in each I, j € vis(p), and let f;(p) be the texture
density of the very pixel in f;. The texture density of p is
then defined as

Zjevis(p) f] (p)
#uis(j)
where # A returns the cardinality of set A. Finally, we

normalize the per-vertex texture density as follows, so that
0< f(vp) <1forallp

f(vp) —min{ f(vy), vy € M}
max{f(vq),vg € M} —min{f(vq),vq € M(}6.)

f(vp) = )

flvp)

Compute per-edge texture density map: Now consider-
ing an edge of M, [ = (vp, vq), we set the texture density
of [ as

Fy = (f(vp) + flvg))/2 (7

Our adaptive edge control scheme then injects the per-
edge texture density into Eqn. 4, namely, we perform
remeshing on edge [ whenever

llength(l) — 150 x (1— F)| > ex IFH x (1

ref ref _E) ®)

Intuitively, when [ is among a region with high frequency,
1 — Fj approaches 0, which makes it easier to trigger the
remeshing condition.

With the above scheme, our remeshing result is shown
in the middle of Fig. 2, which is clearly improved as the
band region are entirely white now. Overall, our scheme
allows for a more fine-grained control of mesh resolution,
especially in regions where textures exhibit high-frequency
details, leading to a more accurate and visually consistent
result.

3.3. Mesh Optimization via Inverse Rendering

Now we proceed to describe our remeshing procedure.
We first render pseudo-ground-truth depth maps D =



Table 1. Quantitative comparison on the DTU Dataset. Our method largely improves the reconstruction accuracy on other explicit mesh
reconstruction methods with a short refinement process.

Method 2437 40 55 63 65 69 8 97 105 106 110 114 118 122 | Mean | Time(hours)
NeuS 100 137 093 043 110 065 057 148 109 083 052 120 035 049 054 | 0.84 > 12
Neuralangelo 037 072 035 035 087 054 053 129 097 073 047 074 032 041 043 0.6l > 12
3DGS 145 146 185 147 256 219 126 193 173 151 169 204 119 109 110 | 1.63 02
Ours+3DGS 125 132 153 1.03 255 205 109 181 159 142 146 204 096 081 086 | 145 | 02(+0.1)
GOF 047 082 040 036 128 083 076 119 124 075 074 112 049 069 057 | 0.78 03
Ours+GOF 042 076 035 033 122 074 066 113 123 070 065 1.14 043 057 046 | 072 | 03(+0.1)
2DGS 049 082 034 042 095 086 082 129 124 066 064 144 041 067 050 | 0.77 02
Ours +2DGS 040 075 030 033 096 076 071 124 120 0.60 055 140 039 0.55 040 | 070 | 0.2(+0.1)
PGSR 034 055 040 036 078 057 049 108 087 059 049 051 030 037 034 053 0.6
Ours+PGSR 034 050 038 034 074 054 047 103 085 056 047 049 029 036 033 051 | 0.6(+0.15)

Table 2. Quantitative comparison on the DTC Dataset (values multiplied by 1000). Our method improves the object reconstruction
accuracy on baseline methods.

Method Airplane BirdHouse @ Car  CaramicBowl Cup DutchOven Hammer Keyboard Kitchen Mallard Planter Pottery Shoe Spoon Teapot Vase ‘ Mean
GOF 3.33 1.60 0.89 2.83 2.60 1.93 1.39 4.23 2.77 1.60 2.52 3.44 2.13 2.60 1.62 4.12 2.48
Ours + GOF 2.67 117 091 - 277 2.30 2.01 0.99 223 219 126 2.19 384 212 218 162 351 | 212
2DGS 2.24 1.26 1.06 3.28 2.84 1.90 1.20 2.49 1.67 1.99 1.64 3.79 220 1.86 2.29 293 2.17
Ours +2DGS 221 110 0.84 321 248 1.83 0.92 2.50 122 1.63 146 3.93 209 184 221 228 | 198
PGSR 1.99 1.13 0.96 1.90 1.46 1.40 1.01 2.50 0.89 1.65 1.20 1.93 2.07 1.75 2.33 232 1.66
Ours + PGSR 2.01 105 091 178 135 1.40 0.88 2.50 0.80 141 1.06 18 206 163 222 198 | L55
{d1,da, ...,ds} and normal maps N' = {ny,ns,...,ns} via To conclude, our loss function is as follows:
M i, the initial mesh extracted from Gaussians, from the L=\l T N L 0
— Argb~rgb + geo~geo + reg’~reg: (1 )

input camera views for later regularization.

At each iteration of remeshing, we denote the regarding
mesh M* = (V* Tk Ck). Via rasterization function R,
we can compute

IF d¥ nk = R(V* TF,C* MV;, P),i=1,2,...,s,
€))
where MV is the model-view matrix of the camera, and
P; is the projection matrix of the camera, and I¥, d¥, n¥
are respectively the RGB, depth and normal image rendered
from viewpoint 4.

In general, at each iteration, we enforce 1) the RGB ren-
dering to approximate the input multiview images; 2) the
rendered depth and normal images to be close to the one
computed on M,,; for regularization; 3) the remeshed ver-
tex positions and normals are smooth regarding mesh Lapla-
cian.

It is worth noting that, though our remeshing pipeline
is built on [31], our loss design differs significantly from
the former as 1) We introduce photometric consistency
into remeshing; 2) The optimization in [31] depends on
the ground-truth normal and depth of the target, while our
framework leverages pseudo-label obtained from multiview
images; 3) [31] is primarily guided by the ground-truth
geometry, therefore it applies Laplacian-based smoothness
regularization on the gradient, which is too weak for our
challenging task.

where L4 is the loss term for RGB images, £, is the loss
term for depth maps and normal maps, and £, is the reg-
ularization term, which includes Laplacian smoothing and
mesh normal consistency. The coefficients Aygp, Ageo, and
Areg are the respective weights for each term. We refer
readers to Sec. 7 of the Supp. for the details of each loss
term.

3.4. Vertex-Gaussian Binding for Relighting and
Deformation

In this part, we introduce a vertex-Gaussian binding

scheme, which exploit the improved geometry we obtained

above to enhance down-stream editing applications
Given an optimized mesh M* = (V*,T* C*), we de-

fine the transformation from the mesh to Gaussian parame-

ters. For each vertex v; € V'*, we associate a corresponding

Gaussian with the following parameters:

1. Position: Direct correspondence between vertex v; and
Gaussian position f;.

2. Scale: Composed of three components capturing local
edge projections on the tangent plane.

3. Rotation: Orthonormal basis derived from vertex nor-
mal and tangent vectors.

4. Opacity: In our method, we assign a constant opacity
value of 0.9 to each Gaussian, assuming that every point
on the mesh is visible.



5. Spherical Harmonics (SH) coefficients: In our method,
we assign the low-order SH coefficients directly from the
vertex color c;, and set the higher-order coefficients to
Zero.

We refer readers to Sec. 8 of the Supp. for more details.

In Sec. 4.2, we feed in the above constructed 3DGS as input

to R3DG [9], and demonstrate that the improved initializa-

tion directly boosts the final relighting performance.

4. Experiments
4.1. Remeshing evaluation

Baselines: Our baselines include both implicit ones
— NeuS[42] and Neuralangelo[22] and explicit ones —
3DGS[ 18], 2DGS[14], GOF[47] and PGSR[4]. Our refine-
ment is mainly applied on the latter four.

Benchmarks: We evaluate the performance of our method
on various datasets. DTU[15] dataset comprises 15 scenes,
each with 49 or 64 images of resolution 1600 1200. Differ-
ent from the DTU dataset, which only includes partial sur-
faces of objects, the latest Digital Twin Catalog(DTC)[32]
dataset provides multiview images of complete objects
along with ground-truth meshes for evaluation. DTC
dataset contains more than 100 objects and theirs multiview
images. We consider 16 cases (e.g., airplane, birdhouse) as
our benchmark and down-sample all images in DTC dataset
to half of their original size (i.e., 1000x 1000).
Implementation Details: For DTU[15] dataset, we ini-
tialize max edge length to le—3 and min edge length to
le—4. For DTC [32] dataset, we initialize max edge length
to 4e—3 and min edge length to 4e—4. During surface mesh
refinement, we set g5 t0 3.0, Areg 10 0.3, Age, to 0.1 and
edge length tolerance € to 0.5. We train 1000 iterations per
scene and the learning rate is set to le—3. We conduct all
the experiments on a single RTX3090 GPU.

Geometry Evaluation: We first compare against SOTA im-
plicit and explicit methods on Chamfer Distance and train-
ing time using the DTU dataset in Tab. 1. Our method out-
performs all compared methods in terms of Chamfer Dis-
tance. We integrated our method into 3DGS, GOF, 2DGS
and PGSR, respectively, and observe consistent improve-
ment in each case. Notably, our method requires only a
short optimization time to improve the quality of surface
reconstruction, making it plug-and-play for any Gaussian-
based surface reconstruction method. As illustrated in
Fig. 3, the surfaces reconstructed by 2DGS exhibit geomet-
ric blurring , while our approach can achieve higher quality
reconstruction results. We further compare against 2DGS,
GOF and PGSR on DTC dataset in Tab. 2. The same trend
is observed — As shown in Fig. 3, our method maintains
excellent performance in areas with intricate geometric de-
tails, particularly evident in the geometry of the athletic
shoe at the bottom right corner of the image, where the ge-

Table 3. Quantitative comparison on DTU and DTC Dataset

DTU objects DTC objects
Method PSNRT SSIMt LPIPS| | PSNRT SSIMt LPIPS]
GOF 24.81 0.858 0.194 25.16 0.949 0.063
Ours + GOF 25.63 0.897 0.160 27.12 0.960 0.049
2DGS 23.82 0.853 0.199 25.16 0.950 0.058
Ours +2DGS | 26.21 0.906 0.148 26.25 0.962 0.042

ometric intricacies of the shoe’s surface is better recovered
by our refiment.

Rendering Evaluation: To evaluate the quality of mesh
vertex color, we render the mesh to pixel space and com-
pare rendered image with ground-truth image. As shown
in Tab. 3, our method achieves a significant improvement
in rendering quality compared to coarse meshes extracted
from various Gaussian Splatting (GS) approaches. More
specific details are illustrated in Fig. 3: the rendering re-
sults of coarse meshes exhibit blurriness and a lack of detail
clarity. After our refinement, texture details such as the text
on the airplane, mesh surface details of the sneakers, and
window details of the house in the figure have been fully
restored.

4.2. Relighting and Deformation Editing

As mentioned in Sec. 3.4, with our optimized meshes with
vertex colors, we initialize Gaussian Splatting (GS) using
our binding scheme and feed such as input to R3DG [9]
to learn material parameters. The learned material parame-
ters are transferred to the mesh via Gaussian binding corre-
spondences, with a 100-iteration noise filtering applied dur-
ing backpropagation to mitigate renderer discrepancies. We
demonstrate the effectiveness of our method by performing
relighting on the Synthetic4Relight dataset[49].

Relighting Evaluation As presented in Tab. 4, our ver-
sion of initialization helps to improve relighting, albedo
and roughness precision in the framework of R3DG. Ben-
efiting from our Gaussian mesh binding method, we can
effortlessly transfer parameters from R3DG to the mesh
in a one-to-one correspondence. As demonstrated, the
transferred metrics exhibit significant superiority in relight-
ing over previous mesh-based approaches, while achiev-
ing these improvements with reduced computational time.
Qualitatively, our method achieves visually pleasing mate-
rial decomposition, facilitating a realistic relighting effect
(see Fig. 4).

Last but not the least, we visualize the distributions of
Gaussian points in R3DG and those of our proposed method
in Fig. 5 — With a comparable number of Gaussian points,
the distribution in our method is explicitly guided by the un-
derlying mesh geometry, resulting in a more uniform spatial
allocation. This structural advantage directly contributes to
the superior material learning performance of our approach
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Figure 3. Qualitative results on DTU and DTC dataset
Table 4. Quantitative Results on Synthetic Dataset
Novel View Synthesis \ Relighting Albedo | Roughness | Time
Method | PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS| | MSE] | (hours)
R3DG 36.80 0.982 0.028 31.00 0.964 0.050 28.31 0.951 0.058 0.013 1.5
Ours R3DG 33.44 0.969 0.052 32.87 0.965 0.054 29.20 0.948 0.065 0.009 1
Nvdiffrecme | 34.29 0.967 0.068 24.22 0.943 0.078 29.61 0.945 0.075 0.009 4.17
Ours Mesh 31.36 0.962 0.055 30.40 0.942 0.083 27.35 0.928 0.081 0.010 1+2m
compared to R3DG. Table 5. Ablation Study on supervision and reprojection (DTU

Deformation Evaluation We validate the GS-mesh bind-
ing through large-scale geometric deformation, as visual-
ized in Fig.6. Applying a 60° X-axis twist to the jug mesh
induces synchronized transformations on both the explicit
surface and the bound Gaussians in R3DG. Crucially, the
corresponding positional and normal adjustments of Gaus-
sians preserve photorealistic interactions with environmen-
tal lighting: specular highlights shift coherently along the
deformation path while cast shadows naturally elongate ac-
cording to surface curvature changes. This parallel behavior
of illumination effects demonstrates our method maintains
physical consistency between mesh editing and GS manip-
ulation. The results confirm that even under extreme topol-
ogy changes, our binding mechanism successfully propa-
gates deformations while retaining the original relighting
properties of both representations.

scenes)

\ Rendering | Geometry
Config [ PSNRT SSIMT LPIPS| | CDJ
Ours 26.21 0.906 0.148 0.70
w/o RGB Loss 23.66 0.843 0.206 0.89
w/o GEO Loss 25.80 0.897 0.160 0.73
w/o Length Control 25.07 0.871 0.168 0.71
4.3. Ablation Study

In this section, we systematically evaluate the impact of spe-
cific components of our approach.

We start by analyzing the loss functions, which is
demonstrated in Tab. 5. First, we discover that RGB loss
supervision plays a critical role in our method, whose ab-
sence leads to a significant decrease in rendering quality
and Chamfer Distance, highlighting its importance in cap-
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Table 6. Ablation Results on edge length initialization (scan 65
from DTU scenes)

(Min Length, Max Length)

Metrics [ (2e—4,2e—3) (4de—4,4e—3) (8e—4,8e—3)
Chamfer Distance 0.76 0.76 0.82
Number of Vertices 609K 159K 46K

turing fine details and color information for accurate tex-
ture and geometric reconstruction. Second, the removal
of geometry loss supervision results in a slight decrease in
rendering quality and Chamfer Distance. Finally, omitting
the edge length control based on texture density component
also leads to a decrease in rendering quality, while Chamfer
Distance remains stable. As illustrated in Fig. 2, after incor-
porating our length control, the mesh demonstrates more
detailed representations in texture-dense regions while re-
taining its original configuration in texture-uniform areas.

We further validate the edge-length control parame-
ters by varying the minimum and maximum thresholds
(Tab. 6). Decreasing the thresholds produces a much
denser mesh (about 4 xmore vertices) but yields essentially
no accuracy gain. In contrast, increasing the thresholds
markedly reduces mesh resolution and leads to a clear drop
in reconstruction quality. Overall, the mid-range setting
(4e—4, 4e—3) provides a favorable trade-off between mesh
complexity and reconstruction accuracy.

5. Limitations and Conclusion

We quantitatively observed that our refinement is less ef-
fective in scenarios with poor lighting conditions (see case
110 of Tab.1 and DutchOven in Tab.2). We refer readers to
Sec. 9 of the Supp. for details. This work presents a unified
framework for jointly optimizing geometry and appearance,
mitigating the geometry—texture misalignment in generic
3DGS pipelines. By co-optimizing mesh vertices and colors
under photometric and geometric constraints, we produce
high-fidelity, editable textured meshes. Coupling paramet-
ric Gaussians with mesh vertices further enables synchro-
nized material control and surface deformation, improving
reconstruction quality and supporting interactive 3D edit-
ing. This advancement paves the way for more intuitive
and efficient workflows in virtual environment design, digi-
tal content creation, and beyond, where cohesive geometry-
appearance manipulation is essential.
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