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Figure 1: Our approach reinforces mesh reconstruction by incorporating material decomposition into a joint optimization framework,
producing high-fidelity triangle meshes even for reflective surfaces. We validate the effectiveness of our method (top row) with the DTU
benchmark (left), the Shiny Blender Synthetic dataset (middle), and the TanksAndTemples dataset (right). We also provide qualitative com-
parisons (bottom row) between our method and state-of-the-art surface reconstruction methods to highlight the challenge of recovering
triangle meshes for reflective objects.

Abstract

We propose a material-aware optimization framework for high-fidelity mesh reconstruction from multi-view images based on
3D Gaussian Splatting, referred to as GS-2M. Previous works handle these tasks separately and struggle to reconstruct highly
reflective surfaces, often relying on priors from external models to enhance the decomposition results. Conversely, our method
addresses these two problems by jointly optimizing attributes relevant to the quality of rendered depth and normals, maintain-
ing geometric details while being resilient to reflective surfaces. Although contemporary works effectively solve these tasks
together, they often employ sophisticated neural components to learn scene properties, which hinders their performance at
scale. To further eliminate these neural components, we propose a novel roughness supervision strategy based on multi-view
photometric variation. When combined with a carefully designed loss and optimization process, our unified framework produces
reconstruction results comparable to state-of-the-art methods, delivering accurate triangle meshes even for reflective surfaces.
We validate the effectiveness of our approach with widely used datasets from previous works and qualitative comparisons with
state-of-the-art surface reconstruction methods. Project page: https://ndming.github.io/publications/gs2m/.

CCS Concepts
* Computing methodologies — Point-based Rendering; * Geometry modeling — 3D Reconstruction; Scene Reconstruction;
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1. Introduction

Reconstructing triangle meshes from multi-view images is a highly
relevant problem within the visual computing domain, allowing the
acquisition of 3D models from photos without the need for labo-
rious manual work. With the advent of Neural Radiance Fields
(NeRF) [MST*20], numerous neural implicit surface reconstruc-
tion methods have been introduced [YGKL21, WLL*21,ZYL*22,
DBD*22, WHH*23, LME*23]; however, they often require hours
of training on high-end GPUs to achieve sufficient output quality,
hindering their applicability in practice. While methods exist to re-
duce training time [MESK22, WHH*23], they are limited and often
come at the expense of reconstruction performance.

Most recently, 3D Gaussian splatting (3DGS) [KKLD23] has
emerged as an explicit alternative for representing radiance fields,
achieving state-of-the-art (S0TA) rendering quality in novel view
synthesis (NVS) while enabling real-time rasterization. Subsequent
works in the domain gracefully inherit its computational advantage
and adapt the method to various vision-based tasks, including sur-
face reconstruction and scene decomposition from multi-view im-
ages. Despite producing high-quality meshes, SoTA explicit sur-
face reconstruction methods often struggle to recover objects ex-
hibiting reflection. In particular, they either rely solely on view-
dependent radiance functions, i.e, spherical harmonics [DXX*24,
HYC*24, YSG24, GGM™25], incorporate a small multi-layer per-
ceptron (MLP) model for exposure compensation [CLY*25], or
normal priors from pretrained models [WLW*24]. These limited
appearance modelings may perform well for scenes with diffuse
surfaces, yet suffer from those exhibiting highly varying photomet-
ric details, as shown in Figure 2. Conversely, 3DGS-based meth-
ods with sophisticated appearance modeling excel in decomposing
material properties, yet little work has been demonstrated for their
capability of complementing mesh reconstruction tasks for reflec-
tive surfaces. Recent SoTA explicit methods in material decompo-
sition realized the significance of the underlying surface geome-
try and and brought these tasks together by borrowing components
from neural-based approaches such as SDF backbones [ZWY?25],
geometry segmentation priors [LHG*25], or tensor factorization
[ZCW™25] to maintain high-fidelity surface geometry. Despite de-
livering faithful decomposition results with geometrically feasible
meshes, they inherit the performance penalty carried over by said
neural components, hindering their runtime at scale. Moreover,
these methods still demonstrate limited capability of reconstruct-
ing surfaces with sharp edges and geometric details, making them
unfavorable for recovering diffuse but highly intricate objects.

To this end, we propose a material-aware optimization frame-
work for high-fidelity mesh reconstruction from multi-view im-
ages based on 3D Gaussian Splatting, referred to as GS-2M. Our
goal is to derive a solution that maintains the reconstruction qual-
ity to be on par with current SOTA surface reconstruction methods
while simultaneously handling reflective objects, as demonstrated
in Figure 1. By incorporating material parameters into the training
pipeline, we identify the appearance properties of the underlying
object and eliminate geometric artifacts caused by view-dependent
effects, producing watertight meshes and smoother surfaces. To fur-
ther eliminate neural components in this joint optimization frame-
work, we propose a novel roughness supervision strategy based on

GT 2DGS GOF PGSR

Figure 2: The reconstructed meshes of reflective objects taken from
the Shiny Blender Synthetic dataset [VHM*22], experimented on
recent SoTA surface reconstruction methods: 2DGS [HYC*24],
GOF [YSG24], and PGSR [CLY*25]. Due to the lack of appear-
ance modeling, these methods often sacrifice geometric details for
view-dependent effects caused by highly specular materials, result-
ing in non-watertight or distorted meshes.

multi-view photometric variation, completely independent of priors
from pre-trained models. This allows us to scale the runtime per-
formance of our framework without being constrained by external
factors. Finally, we validate our method with the DTU [JDV*14]
and TanksAndTemples (TnT) [KPZK17] benchmarks to demon-
strate its ability to maintain reconstruction performance, and the
Shiny Blender Synthetic dataset [VHM™*22] for qualitative com-
parisons with SoTA surface reconstruction methods. To summarize,
our contributions are:

e A novel framework jointly optimizing 3D Gaussians for both
mesh reconstruction and material decomposition from multi-
view images, delivering comparable mesh reconstruction quality
to SoTA, while being resilient to reflective surfaces.

e A roughness supervision strategy based on multi-view photomet-
ric variation, eliminating the dependence on neural components
for appearance modeling.

e An integration of occlusion-aware check and multi-view normal
consistency for SOTA mesh reconstruction methods, improving
NVS performance while maintaining the reconstruction quality.

2. Related Work

In this section, we review recent methods based on 3DGS for mesh
reconstruction and material decomposition from multi-view posed
images. For completeness, classical and neural implicit reconstruc-
tion approaches are also discussed in Section 2.1 and 2.2, respec-
tively. Section 2.3 then extensively reviews the recent SOTA neural
explicit (3DGS-based) works that inspired GS-2M’s design.
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2.1. Traditional methods

Reconstruction of 3D geometry from photographs is an ill-posed
problem that relies on certain assumptions about the underlying
scene [FH15]. Among these cues, stereo correspondence has exhib-
ited reasonable robustness and propelled a class of reconstruction
algorithms known as multi-view stereo (MVS) [SCD*06]. MVS
shares largely the same principle as GS-2M and other 3DGS-based
methods: reconstruct the 3D geometry of the scene from multi-view
images. Structure-from-Motion (SfM) [SSS06] is widely adopted
to recover camera intrinsics and poses for each image, with an ini-
tial sparse pointcloud as a byproduct. From there, 3D meshes can be
reconstructed via voxel-based optimization [SD99,SMP07], feature
point growing [FP10,WYJT10], or depth fusion [SZFP16,XCW18,
HSG24]. Like other traditional methods, their performance is af-
fected by inconsistent appearance across input images, making it
challenging to accurately capture complete geometric representa-
tions due to the ambiguities in the correspondence. By contrast, we
model the appearance properties of the target object with a handful
of material parameters as part of our pipeline, making it resilient to
abrupt photometric changes across views.

2.2. Neural implicit methods

As NeRF is not mainly designed for surface reconstruction, radi-
ance fields are replaced with implicit surfaces [NMOG20, OPG21]
or signed distance functions (SDFs) [YKM™20] to better define
isosurfaces from a volume density. These representations are later
reparameterized [WLL*21, YGKL21] to be compatible with neu-
ral volume rendering as employed by NeRF. To further increase
the reconstruction quality, auxiliary information is baked into the
training pipeline as priors, such as patch warping with co-visibility
masks [DBD*22], sparse SfM points [FXOT22a, ZYL*22], se-
mantic segmentation [GPL*22], monocular depth [SCW*22], or
monocular geometric features [YPN*22]. On the other hand, Neu-
ralangelo [LME*23] leverages hash encodings as introduced by In-
stantNGP [MESK?22] to eliminate the need for auxiliary guidance,
while HF-NeuS [WSW22] adopts coarse-to-fine optimization for
improved surface details. As previously stated, these implicit meth-
ods are SoTA in mesh reconstruction but demand expensive train-
ing resources, and attempts have been made to speed up their train-
ing time [WHH*23, YHR*23, LYZ*24]. However, these enhance-
ments often come at the expense of reconstruction quality, while
neural explicit methods retain sufficient performance without re-
quiring high computing resources.

Neural implicit approaches for material decomposition often
stem from inverse rendering frameworks. Early methods only con-
sider direct lighting [BBJ*21, BJB*21, ZLW*21] to trade qual-
ity for computation speed. Subsequent works [SDZ*21, YZL*22,
JLX*23] introduce indirect lighting but produce inferior results on
highly reflective objects. To combat this, Ref-NeRF [VHM*22]
decomposes colors into diffuse and specular terms, while NeRO
[LWL*23] designs a novel light representation based on the split-
sum approximation [KG13] of the rendering equation. Most re-
cently, TensoSDF [LWZW24] achieves SoTA decomposition per-
formance by expressing geometry as an implicit SDF and incorpo-
rating roughness-aware radiance fields.

© 2026 Eurographics - The European Association
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2.3. Neural explicit methods

SuGaR [GL24] was among the first to adapt 3DGS for mesh recon-
struction. By minimizing the SDF derived from the Gaussians and
the scene density function, they encourage points to better align
with the underlying surface. However, SuGaR only approximates
the planarity of Gaussians with their minimum scaling axes, result-
ing in insufficient constraints on their overall shape during train-
ing. To address this loose approximation, 2D Gaussian Splatting
(2DGS) [HYC*24] and GaussianSurfels [DXX*24] replace 3D
Gaussian points with planar primitives. In particular, they collapse
3D Gaussians to planar ellipses to maximize the alignment between
points and the object surface. Despite achieving view-consistent
geometry, 2DGS and GaussianSurfels rely on mean/median or
blended z-depth in camera space, which may cause ambiguity or
biased depth rendering. At the other extreme, Gaussian Opacity
Fields (GOF) [YSG24] constructs an opacity field from the trained
Gaussians to extract the underlying surface by identifying its level
set, drawing inspiration from ray-traced volume rendering of 3D
Gaussians. MILo [GGM*25] later incorporates the mesh extraction
step into the optimization process of GOF, simultaneously mini-
mizing the image-based and surface consistency losses. However,
GOF and MILo suffer from the expensive computational resources
required for their sophisticated mesh extraction and training al-
gorithms. PGSR [CLY*25] and GausSurf [WLW*24] are recent
SoTA explicit methods in the field, with the former introducing un-
biased depth rendering and multi-view constraints imposed for ge-
ometric and photometric consistency, while the latter borrowing the
patch-matching technique from MVS to refine the rendered depth
across views. As stated before, they both struggle to reconstruct re-
flective objects due to the lack of appearance modeling, producing
distorted meshes even for simple scenes.

To address view-dependent issues stemming from highly spec-
ular surfaces, [JTL*24] introduces simplified shading functions
to capture light-surface interactions, while [YHZ24] employs de-
ferred rendering with a trainable reflection strength parameter.
These ideas are quickly adopted in the literature and further en-
hanced for scene relighting [BZZ*24, WSL*25, SWW*25] and in-
verse rendering frameworks [YGL*24,L.ZF*24,7ZWZ25]. To fur-
ther factorize lighting, most works employ differential environ-
ment cubemaps [LHK*20a] and sample them during training at
various mip levels. This helps separate lighting from the object’s
intrinsic appearance, allowing for more accurate material decom-
position. GS-ROR? [ZWY25], GlossyGS [LHG*25], and Ref-GS
[ZCW™25] are SOTA works in this context by also realizing the sig-
nificance of the underlying geometry to the decomposition perfor-
mance. In particular, GS-ROR? jointly optimizes an SDF backbone
for robust geometry, GlossyGS incorporates micro-facet features
and priors to supervise neural materials, and Ref-GS builds upon
2DGS with tensorial factorization for material decomposition.

3. Method

To set up the necessary terminology and notations, we provide a
prelude to 3DGS in Section 3.1. Section 3.2 discusses in detail the
construct of GS-2M, including the choice of point primitive, defi-
nitions of depth and normals, and augmented material parameters.
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3.1. Preliminary

To represent a scene, [KKLD23] initializes » anisotropic 3D Gaus-
sians, {Go, G1, G2, ---, Gu—1}, where each Gaussian G; is pa-
rameterized by a center y; € R’ a scaling vector s; € R, and a
quaternion q; € R*. These are learnable parameters, with s; and
q; further defining a scaling matrix S; € R3*3 and a rotation ma-
trix R; € SO(3). Evaluating G; at a position x € R? thus follows
Gi(x) = e~ 20m) "I ) where 3, = RiS;S R; is the 3D co-
variance matrix of G;. Suppose there’s a camera C in the scene
whose viewing transform is V &€ RY*, we can apply EWA vol-
ume splatting [ZPvBGO1] to find the 2D projection G*° of G; as
seen by C. Given the projected 2D Gaussians in image space, the
alpha value o; of any Q,-ZD can be evaluated for any pixel p € R?
by evaluating G (p), multiplied with a learnable opacity value
0; corresponding to G;. From there, Equation 1 formulates the a-
blending process to compute the rendered image Z, where per pixel
linear color Z (p) € R3 is the alpha-composite value of the view-
dependent color ¢; € R? evaluated from G;’s learnable spherical
harmonics (SH) coefficients. Note that i in the equation indexes
over the set Gp of 2D splats that contribute meaningful values to
pixel p in front-to-back order.

= Y Tac, Ti= H 1—aj) Y]

i €Gp

Since most learnable parameters are randomly initialized, 7 is
not yet similar to the ground-truth image Z captured under the
same viewpoint. A loss function £ can therefore be defined to mea-
sure how far 7 is to Z, and a training process is then established to
minimize £ by optimizing all learnable parameters contributing to
the rasterization of Z. 3DGS uses a simple RGB photometric loss
Ly, composed of pixel-wise mean absolute error between TandZ,
weighted sum with an SSIM term, detailed in the supplementary.

3.2. GS-2M

As an overview, we construct GS-2M from PGSR [CLY *25] to
maintain SOoTA reconstruction performance. In particular, we em-
ploy unbiased depth rendering [CLY *25, HSG24] and multi-view
constraints [CLY *25,HSG24, WLW *24] to encourage high-fidelity
mesh reconstruction. For material decomposition, we draw inspira-
tion from [JTL*24,LZF*24,ZWY25] and introduce two additional
per-Gaussian learnable parameters with lighting captured via dif-
ferential environment cubemaps. As stated before, we propose a
novel roughness supervision strategy to help supervise material pa-
rameters without relying on neural components. In short, we lever-
age the existing multi-view construct of PGSR and measure pho-
tometric variation across views using the normalized cross correla-
tion (NCC) loss applied to warped patches.

Unbiased depth rendering and normal as shortest axis

As highlighted in recent works [HSG24, CLY*25], blending z-
depth in camera space results in biased depth. Concretely, nearby
pixels observing the same Gaussian G; have similar z values even
though their true depth values are different, as illustrated in Figure

—> plane depth .
—> z-depth ""_,,.w“
---------- > distance \

S plane depth ‘

Figure 3: Comparing depth quality when training with z-depth
(left) and plane depth (right). We compare normal maps derived
from rendered depth maps via a Sobel-like operator for better vi-
sualization. Training with z-depth results in biased and noisy depth
values, while plane depth allows for more accurate and consistent
distributions of Gaussians to capture geometric details.

3. The unbiased depth is instead identified based on the hypothet-
ical plane perpendicular to the normal n; € R3 of G. Following
previous works [YHZ24, JTL*24, LZF*24, CLY*25,ZWY25], we
assign the orientation axis (a column vector of R;) corresponding to
the shortest scaling direction (a scalar in s;) as n;, normalized and
flipped to face C. From there, we can compute the distance value
d; = ! - (Rm;) from C to G;, where 4 is the mean y; of G; trans-
formed to camera space. By replacing ¢; in Equation 1 with d; and
n;, respectively, we obtain the distance map D and normal map N
defined for all p. The unbiased depth map D is finally computed
by rescaling the distance map with the inverted cosine of the angle
between the normal and ray directions. Equation 2 details this op-

eration, where p is the homogeneous version of p, i.e p = [p, l]T,
and K € R**3 is the intrinsic of C.
D(p)
D(p) = ~ (2)
N(p)-(K~'p)

The use of plane depth requires planar or near-planar Gaus-
sians, for which we employ the plane loss term Lpjaqe to penalize
one of the scaling scalars of all s;. We further impose the depth-
normal constraint £, as used in previous works [HYC*24,HSG24,
DXX*24,YSG24, CLY*25, WLW* 24, JTL*24, LZF*24, ZWY25]
to encourage their consistency. Both are defined in Equation 3 and
further detailed in the supplementary.

plane

plane |V| Z”mm ||17 Lan= "/\/‘|Z|VI | ||nP nPHl
3)
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Figure 4: Filtering invalid correspondences in neighboring views
(top) and enhanced multi-view constraints with normal consistency
(bottom). Correspondence pixel py of neighbor view C is excluded
from multi-view loss calculations because its depth value is less
than the z-coordinate of the camera-space point X back-projected
from pq in the reference view. We also sample values from nor-
mal maps rendered at reference and neighboring views to provoke
multi-view normal consistency in high-frequency regions.

Multi-view normal consistency and occlusion-aware filtering

As stated previously, we adopt PGSR [CLY *25]’s multi-view loss
Lmy—a weighted sum of multi-view geometric Lg and multi-view
photometric Lp terms. However, PGSR only minimizes the repro-
jection error between sampled pixels in the reference view and
those found via forward-backward projection of a neighboring
view, resulting in underconstrained supervision for Lg. Inspired
by [HSG24], we further encourage multi-view normal consistency
by minimizing the difference in normal directions between the ref-
erence and neighboring views at sampled points in world space.
This helps us achieve more consistent geometry in regions with
high-frequency textures, as demonstrated in Figure 4. Please refer
to the supplementary for the modified Lg term and details of Lmy.

Another improvement we apply on top of PGSR is robust
occlusion-aware filtering, as introduced in [HSG24]. Specifically,
PGSR only approximates invalid correspondences by thresholding
large reprojection noises, which is unreliable and ambiguous. We
instead explicitly detect and reject these invalid pixels by compar-
ing their depth values in the neighbor view’s rendered depth map
with z-coordinates of back-projected points in the same camera
space, as shown in Figure 4.

Material modeling and differential environment lighting

We introduce two additional per-Gaussian learnable parameters—
albedo a; € R* and roughness p; € [0, 1]—to decompose intrinsic
properties of surface appearance, allowing the optimization pro-
cess to treat smooth (reflective) and rough (diffuse) regions dif-
ferently. To learn these parameters, we employ a physically based
rendering (PBR) pipeline, where the BRDF is formulated with the
Cook-Torrance microfacet model [CT82, WMLTO07]. In essence,

© 2026 Eurographics - The European Association
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the shading model combines diffuse and specular reflection, with
the specular component governed by microfacet theory. We provide
the mathematical construct of the BRDF in the supplementary.

Similar to depth and normal maps, we also render the albedo
map A and roughness map R by o-blending per-Gaussian albedo
and roughness parameters. Additionally, the Cook-Torrance shad-
ing model depends on a metallic fraction value between 0 and 1,
for which we approximate from the roughness map as M =1—TR.
Finally, we composite all G-buffer renders into a PBR image Z (not
to be confused with the rasterized image 7) via a deferred ren-
dering step [YHZ24, WSL*25]. Concretely, we perform deferred
physically based shading in image space by feeding the rendered
G-buffer channels (albedo, roughness, depth, and normals) into a
Cook-Torrance BRDF, from which we separately compute the dif-
fuse and specular lighting components before compositing them
into the final PBR image. The RGB photometric loss can there-
fore be replaced with the PBR photometric loss Lpp, to supervise
all components contributing to the final PBR composite. Similar to
Lygh, Lpbr consists of the pixel-wise Ly term and the SSIM term,
applied on Z and Z, as defined in Equation 4.

Lobr = (1 —Assmm)L1 +AssmLp—ssiv C))

Per [Kaj86]’s rendering equation, the PBR compositing of the
G-buffer requires incoming irradiance of the environment lighting.
As with previous works [LZF*24,ZWY25], we employ a differen-
tial environment cubemap [LHK*20b] to learn incoming radiance,
and prefilter it at various mip levels to sample irradiance values
at runtime. As diffuse shading is independent of the viewing di-
rection, we sample prefiltered lighting values from the base level
of the cubemap. For the specular component, however, we adopt
[KG13]’s split-sum approximation to help with the computation
of the view-dependent integral, combining a constant roughness-
aware lighting term and a BRDF’s response term. The former is
similar to irradiance sampled from a prefiltered cubemap, but at the
mip level corresponding to the supplied roughness value. The latter,
on the other hand, is pre-computed and stored in a 2D lookup tex-
ture (LUT) for fast retrieval of BRDF’s responses at runtime. Please
refer to the supplementary for the mathematical constructs of the
rendering equation and lighting computation in our PBR pipeline.

Multi-view roughness supervision

Training with Ly, alone to supervise appearance parameters is
extremely under-constrained, resulting in noisy lighting and inco-
herent decomposition results. Previous works [ZCW*25, LHG*25,
ZWY25] thus exploit neural components in terms of encoders—
decoders or pretrained priors to learn scene parameters. We instead
propose a lightweight roughness supervision strategy based solely
on multi-view photometric variation, eliminating the need for neu-
ral modeling of scene components.

As stated earlier, we recognize the multi-view photometric NCC
error between image patches as an indicator for highly reflective
regions. If the surface nature is strongly view-dependent, switching
to nearby viewpoints will likely cause the corresponding warped
patch’s texture to change significantly. We measure this variation
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Reference
View

Ao = 0.5

A = 0.1 Ao = 0.3

Figure 5: Roughness supervision based on multi-view photometric variation. The photometric variation is quantified with the NCC error
Lnce, and a thresholding value At is used to penalize or reward the corresponding roughness values sampled from the rendered roughness
map of the reference view. As Ayt increases (bottom right), more and more regions become diffuse, i.e., their multi-view photometric variation

is not regarded as inconsistency caused by reflective surfaces.

for 3 x 3 grayscale patches, constructed from sampled pixels of
ground-truth images, illustrated in Figure 5. The use of NCC helps
emphasize texture-based similarity rather than absolute pixel inten-
sity, thereby making the error resilient to brightness changes or ge-
ometric misalignment. Equation 5 describes how Lycc is computed
given a sampled image pixel p, where P is the 3 x 3 image patch
enclosing p in the reference view, and P, is the warped version of
‘Pr in a nearby view via homography. We maintain, for each ground-
truth image, a heuristic list of nearby viewpoints that are close to
the reference viewpoint by jointly thresholding the Euclidean dis-
tance between camera centers and the angular difference between
viewing rays, and then selecting a fixed number of candidates via
stratified sampling over the sorted list.

L) ) (Po(p) g,
VEs (Pr(p) —11p, '\ /2, (Palp) — g, )?

Lnce(p) = (5)

Once Lcc is computed for each sampled pixel p, we modulate
the corresponding roughness values using a threshold Aef: rough-
ness values at pixels with Lycc > Awer are added to the rough-
ness loss Lro, and those below the threshold are subtracted. A
fixed Aref is not suitable for all scenes, as sharp reflections re-
quire higher thresholds to preserve non-diffuse regions, whereas
blurred reflections benefit from lower thresholds to increase the
sensitivity of Lro to weak multi-view cues. In practice, we recom-
mend choosing A.¢ based on the dominant material characteris-
tics of the scene: for scenes containing primarily glossy or mirror-
like objects with sharp view-dependent highlights, a higher thresh-
old (e.g., Arer € [0.9,1.1]) helps avoid over-smoothing specular re-
gions, whereas for scenes dominated by semi-glossy or rough ma-
terials with weak or blurred reflections, a lower threshold (e.g.,
Aref € [0.6,0.9]) makes the loss more responsive to subtle multi-
view photometric inconsistencies. For mixed-material scenes, we

L& >
/

‘ w/o filter ‘ w/ filter

Figure 6: Simply relying on Lncc to identify multi-view photomet-
ric variation results in incorrect roughness supervision (middle)
at textureless regions. Replacing these regions with gradient-based
patches helps Lcc produce more faithful results (right).

found that intermediate values around Aef ~ 0.9 provide a robust
trade-off without requiring per-object tuning.

There’s a limitation to the described supervision strategy so far,
in which textureless regions yield high Lycc despite being non-
reflective. When there is no variation, the denominator of Equation
5 approaches zero, making Lycc explode and unstable. To combat
this, we filter out pixels in the reference views where the standard
deviation 6 (p) = /¥, (Pr(p) — up,)? less than an empirically de-
rived threshold of 0.01, and replace them with Lycc but applied on
the gradient versions of Py and P, as illustrated in Figure 6. Once
Lncc values are filtered, we implement the roughness loss Lo us-
ing Equation 6. Here, to avoid abrupt constraining of roughness
values R(p), we remap Lncc via the tanh function, and apply a
scale factor ki that controls how rapidly the weights change from
promoting to penalizing R(p). We set kro = 8.0, determined via
empirical experiments.

1

Lo =17

Y tanh (ko (Lnce(p) — Aref)) R(p) (©6)
P

© 2026 Eurographics - The European Association
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CDh | 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Mean Time
VolSDF 1.14 126 081 049 125 070 072 129 118 070 0.66 1.08 042 0.61 055 0.86 ~ 12h
NeuS 0.83 098 056 037 113 059 060 145 095 078 052 143 036 045 045 0.77 ~ 8h
RegSDF 060 1.41 064 043 134 062 060 090 092 102 060 059 030 041 039 0.72 ~ 3.5h
NeuS2 056 076 049 037 092 071 076 122 108 063 059 089 040 048 055 0.70 ~ 5m
NeuralWarp 049 071 038 038 079 081 082 120 106 068 066 074 041 063 051 0.68 > 12h
Neuralangelo 037 072 035 035 087 054 053 129 097 073 047 074 032 041 043 0.61 ~ 16h
SuGaR 1.47 133 1.13 061 225 171 115 163 162 107 079 245 098 088 079 133 | 15-45m
GaussianSurfels  0.66 093 054 041 106 1.14 085 129 153 079 082 158 045 066 053 0.88 6.67m
2DGS 048 091 039 039 101 083 081 136 127 076 070 140 040 0.76 052 0.80 10.9m
GOF 050 082 037 037 1.12 074 073 1.18 129 068 0.77 090 042 066 049 0.74 18.4m
MILo 043 074 034 037 080 074 070 121 122 066 062 080 037 076 048 0.68 25m
PGSR 036 057 038 [ 033 078 058 050 108 063 059 046 054 030 038 034 0.52 30m
GausSurf 035 055 034 034 077 058 051 1.10 069 060 043 049 032 040 037 052 7.2m
Ours w/o BRDF | 0.34 0.57 039 034 075 051 049 103 062 057 046 056 031 038 036 051 22.4m
Ours 040 059 038 035 075 055 059 106 062 059 047 048 034 036 037 0.53 51.0m

Table 1: Quantitative results of mesh reconstruction performance for the DTU dataset [JDV* 14]. The Chamfer Distance (CD) | for each
scan of the 15 scenes in the dataset is reported. We compare our approach with SoTA neural implicit methods: VolSDF [YGKL21], NeuS
[WLL*21], RegSDF [ZYL*22], NeuS2 [WHH* 23], NeuralWarp [DBD* 22], Neuralangelo [LME™* 23]; and explicit methods: SuGaR [GL24],
GaussianSurfels [DXX*24], 2DGS [HYC*24], GOF [YSG24], MILo [GGM™*25], GausSurf [WLW*24], PGSR [CLY*25]. The top-three
best performing results are highlighted in color for ease of visualization, with red , orange , and yellow indicating Ist, 2nd, and 3rd,
respectively. Note that the reconstruction runtimes are not directly comparable because these methods are trained on different GPUs.

With Ly, regulating roughness, we apply the total variance (TV)
loss Ly to the rendered normal map N, where R acts as weights
detached from the computation graph. Specifically, the roughness
values are remapped to penalize varied normals at smooth regions
more aggressively, and the combined depth-normal consistency
term Lg, jointly helps refine distorted or non-watertight surfaces.
Finally, we incorporate a smoothness term, Lsm, into the total loss
to regulate BRDF parameters [LZF*24, ZWY25]. The details of
these loss terms are provided in the supplementary.

Training and mesh extraction

Our joint optimization process first trains for 5,000 iterations to
bootstrap the initialized 3D Gaussians. During this stage, all loss
terms are suppressed, except Lygp, Lplane, and the binary cross-
entropy loss Lypna between the rendered alpha map and ground-
truth masks if such masks are provided. Following the bootstrap
stage, the training jointly optimizes geometric and material param-
eters, where all loss terms are activated and Ly, is replaced with
Lpbr, as defined in Equation 7. Note that each loss term has a cor-
responding weight A, the details of which are provided in the sup-
plementary. Thanks to Lo, the learning of BRDF parameters can
operate in parallel with other parameters to regulate geometric de-
tails. All scenes are trained for at most 30,000 iterations.

L = Lplane + Latpha + Lan + Lmv + Lov + Lsm + Lro + Lope  (7)

After training, we extract triangle meshes via TSDF fusion
[NIH*11]. We render RGB-D images from all viewpoints, option-
ally mask depths using ground-truth alpha, and integrate them into
a TSDF volume using Open3D [ZPK18]. The final mesh is ob-
tained by marching cubes, filtered to a single connected component,
and assigned per-vertex RGB colors.

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.

4. Experiments

We conduct experiments to validate the effectiveness of our
method using the DTU benchmark [JDV*14], two scenes from the
TnT dataset [KPZK17], and the Shiny Blender Synthetic dataset
[VHM*22]. All experiments are run using a single RTX4090 GPU
with 24GB VRAM, with the model split into two variants:

e Ours w/o BRDF: training is performed without joint optimiza-
tion of BRDF parameters. This helps validate the effectiveness
of the new occlusion-aware filtering and multi-view normal con-
sistency integrated into Lmy.

e Ours: the joint optimization process as described in Section 3.2.

Table 1 compares the performance of our model with SoTA im-
plicit and explicit mesh reconstruction methods using the DTU
benchmark. As with previous works, we report the Chamfer dis-
tance (CD) for each of the 15 scenes in the dataset, together with
the average runtime. It is clear that all explicit methods, including
GS-2M, consume significantly less training time and computing re-
sources compared to implicit methods. Our joint training pipeline,
however, takes roughly double the reconstruction time of the vari-
ant without BRDF optimization. This is due to the deferred ren-
dering step and an extra overhead resulting from the computation
of our under-optimized L. Nevertheless, the quantitative results
show that both variants perform on par with SoTA explicit surface
reconstruction methods and outperform all neural implicit methods,
maintaining the reconstruction quality even when jointly optimiz-
ing with BRDF parameters and the PBR pipeline. In some specific
scenes, we even outperform the current SoTA explicit methods,
proving the effectiveness of the modified multi-view constraints.

Table 1 also reveals that our joint optimization framework
with BRDF parameters introduces an inevitable cost-benefit trade-
off. While the deferred PBR pipeline and roughness regulariza-
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2DGS

GOF

PGSR

Ours

GT

Figure 7: Qualitative comparisons for the Shiny Blender Synthetic dataset [VHM*22]. We compare the reconstructed meshes of our full
model with current SoTA neural explicit methods: 2DGS [HYC*24], GOF [YSG24], PGSR [CLY*25]. Due to the limited appearance model-
ing, these methods sacrifice geometric details for view-dependent effects caused by specular surfaces, resulting in non-watertight or distorted
meshes. In contrast, our method produces more uniform surfaces thanks to the joint constraints of the Lo, Liv, and Lgy, loss terms. More-
over, GS-2M still maintains the reconstruction quality on the DTU benchmark, making it a unified solution for both mesh reconstruction and
material decomposition. Please refer to the supplementary material and our project page for more experimental results.

tion roughly double the training time, they do not always im-
prove the Chamfer distance; in several scenes, our model without
BRDF marginally outperforms the full model. We attribute this to
shape-reflectance ambiguities and the additional degrees of free-
dom introduced by BRDF parameters, which can slightly hinder
geometric convergence in scenes with weak or inconsistent re-
flective cues. Nevertheless, these differences are small and scene-
dependent, and the joint model remains competitive with SOTA ex-
plicit methods while additionally recovering physically meaningful
material properties, making it more suitable for photorealistic ren-
dering and downstream PBR tasks.

The major advantage of our framework, however, is the ability
to reconstruct reflective objects, as shown in Figure 7. We com-
pare the reconstructed mesh of our joint optimization solution with
meshes produced by recent SOTA neural explicit methods. These
qualitative results are produced using code provided by the au-

thors of the respective works. For a fair comparison, we match
the number of training iterations and modify the published code to
handle white backgrounds without generating floaters. The qualita-
tive comparisons validate the effectiveness of our joint optimization
framework. Specifically, the multi-view self-supervision term Lro
helps detect diffuse and specular regions, driving the TV loss Lty to
force smooth normals accordingly via roughness weighting. These
smooth normals, in turn, regulate the geometric details thanks to
the depth-normal consistency loss Lg,. These terms cooperate in a
unified optimization framework to deliver high-quality reconstruc-
tion results for both diffuse and specular surfaces.

As with previous neural implicit methods, we report the novel-
view synthesis (NVS) performance of our model using the DTU
benchmark, measured by the peak signal-to-noise ratio (PSNR) be-
tween the rendered and ground-truth images. For a fair compari-
son, we evaluate the NVS metrics on the training set, aligning with

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.
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PSNR 1 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Mean
RegSDF 2478 23.06 23.47 2221 2857 2553 21.81 2889 2681 2791 2471 2513 2684 21.67 2825 2531
NeuS 2649 26.17 27.66 27.78 30.63 2742 2538 30.00 2640 29.63 25.87 28.82 28.80 27.36 31.19 28.00
NeuS2 2844 27.14 29.70 29.67 31.75 27.83 2484 31.24 26.86 30.57 26.05 2893 2898 27.82 3248 28.82
VoISDF 26.28 25.61 26.55 26.76 31.57 31.50 29.38 33.23 28.03 32.13 33.16 3149 30.33 3490 3475 30.38
Neuralangelo 30.64 27.78 | 3270 34.18 35.15 3589 3147 36.82 30.13 | 3592 36.61 32.60 31.20 | 3841 38.05 33.84
PGSR 3220 28.07 31.10 3341 3399 3322 3216 3283 31.31 3382 36.03 3464 3271 3733 37.09 33.33
Ours w/o BRDF | 33.16 3047 31.54 3404 3578 3441 3247 3376 3158 3455  36.74 3554 3320 3830 37.73 @ 34.22
Ours 31.62 2930 31.55 3341 35.05 3332 31.77 3744 3187 3462 3448 | 3573 3220 3770 37.85 33.86

Table 2: Quantitative results of novel-view synthesis (NVS) performance for the DTU dataset [JDV* 14].

We report the Peak Signal-to-

Noise Ratio (PSNR) 1 for each scene of the 15 scenes in the dataset. We compare our approach with SoTA surface reconstruction methods:
VoISDF [YGKL21], NeuS [WLL*21], RegSDF [ZYL*22], NeuS2 [WHH*23], Neuralangelo [LME*23], and PGSR [CLY*25]. Except for
neural implicit methods, all NVS metrics are reproduced using the published code and evaluated on unmasked images. The top-three best
performing results are highlighted, with red , orange , and yellow indicating Ist, 2nd, and 3rd, respectively. Incorporating multi-view
normal consistency and occlusion-aware filtering enhances NVS quality while preserving the fidelity of the extracted mesh. Our method
outperforms all SoTA reconstruction approaches, thanks to these additions. Note that the NVS performance for the DTU dataset is evaluated

on the whole training data, aligning with previous works.

previous works. Table 2 compares the NVS quality of our method
with neural implicit works that reported the same metric. Addi-
tionally, we reproduce the NVS performance of PGSR [CLY *25]
using their publicly available code. The table reveals that enhanc-
ing the multi-view loss term with normal consistency and filtering
occluded samples helps our solution outperform all SoTA surface
reconstruction methods in terms of NVS quality. For the PBR vari-
ant of our model, there is a slight drop in NVS performance, which
we attribute to the limited constraints for the environment lighting
and albedo. Specifically, the optimization process of our method
still leaves abundant freedom for these two components, resulting
in noise artifacts in the material decomposition results. Neverthe-
less, our joint optimization with BRDF parameters still keeps the
NVS quality on par with current SOTA methods.

Finally, we extend our experiments to unbounded scenes using
the TnT dataset [KPZK17]. Unlike DTU and Shiny Blender Syn-
thetic, the TnT dataset features sequences acquired outside con-
trolled labs under realistic conditions, including both challeng-
ing outdoor scenes and complex indoor environments. Since our
joint framework adopts the PBR pipeline designed for object-
centric scenes, we only use the TnT dataset to validate the w/o
BRDF variant. This design choice reflects our intentional focus
on object-centric reconstruction, where controlled lighting, lim-
ited background clutter, and stable material properties make phys-
ically based shading both meaningful and reliable. Nevertheless,
even outside this intended regime, our framework retains practi-
cal advantages, including fast convergence, low memory footprint
relative to neural implicit methods, and strong geometric consis-
tency from the modified multi-view constraints. As with previous
works, we report the F1 scores, balancing the precision and recall
tests between the reconstructed mesh and the ground-truth scan.
Table 3 compares the reconstruction performance of our model
with SoTA neural implicit and explicit methods for the Barn and
Truck scenes. The comparison reveals that the new modification
to the multi-view geometric term maintains the quality of the re-
constructed mesh even without the exposure compensation module
that PGSR employed to benchmark with the TnT dataset. However,

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.

Fl1-Score + | NeuS  Geo-NeuS 2DGS  GOF PGSR | Ours w/o BRDF
Barn ‘ 0.29 0.33 0.70 ‘ 0.14 036 051  0.66 ‘ 0.57

Neuralangelo ‘ SuGaR

Truck 045 045 048 026 026 058 066 0.67
| 037 0.39 059 | 015 031 055 [ 066 | 0.62

Mean

Table 3: Quantitative results of mesh reconstruction performance
for the Truck and Barn scenes from the TnT dataset [KPZK17],
where the Fl-score 1 is reported. We compare our reconstructed
meshes with those of NeuS [WLL*21], Geo-NeuS [FXOT22b],
Neuralangelo [LME*23], SuGaR [GL24], 2DGS [HYC*24], GOF
[YSG24], and PGSR [CLY*25]. The top-three best performing re-
sults are highlighted, with red , orange , and yellow indicating
Ist, 2nd, and 3rd, respectively.

we restrict our experiments to these two scenes, as the remaining
ones cause out-of-memory errors due to the lack of control over
generating new Gaussians, especially for scenes with overwhelm-
ing background details. We discuss the limitations of our approach
and promising solutions in the next section.

5. Ablation, Limitations, Future Work

For ablation, we study the effectiveness of the enhanced multi-
view geometric term and the proposed roughness supervision loss.
Since our framework is largely constructed from components in-
troduced in previous works [CLY*25, HSG24, LZF*24, ZWY25],
please refer to their respective papers for deeper insights. Figure (8)
compares the appearance decomposition results when training with
and without the multi-view roughness supervision term (Lro). The
proposed loss reduces noise artifacts in the captured lighting and
prevents specular highlights from bleeding into the albedo. Con-
versely, relying solely on Ly, is extremely under-constrained, con-
taminating learned BRDF parameters and environment lighting.

Table 4 studies the effect of two modifications made to the multi-
view geometric constraint Lg, using the DTU benchmark. The ab-
lation reveals that the addition of multi-view normal consistency
to the Lg term substantially enhances both surface reconstruction
and NVS performance. As demonstrated in Figure 4, the new Lg
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DTU benchmark | CD| | PSNR?
Ours w/o mv normal | 0.58 26.73
Ours w/o filtering 0.53 33.76
Ours 0.53 33.86

Table 4: Ablation study for the modified multi-view geometric con-
straint, conducted on the DTU benchmark [JDV* 14]. Introducing
multi-view normal consistency substantially increases reconstruc-
tion and NVS performance, while occlusion filtering further en-
hances NVS quality.

Albedo Roughness Specular

Lighting

w/o L,

—
\=

w/ L,

Figure 8: Training without Lo regulating roughness (top row) re-
sults in noisy lighting and albedo bleeding. In comparison, the use
of Lo (bottom row) enables the optimization process to learn the
correct roughness values at shiny regions.

also helps achieve more consistent geometry in regions with high-
frequency textures. The integration of occlusion-aware filtering, on
the other hand, only causes a slight improvement in NVS quality.
Nevertheless, we recognize certain limitations of our method that
provide opportunities for future enhancement.

Under-constrained albedo and lighting Despite the effectiveness
of the roughness supervision term, the optimization process of our
method still lacks constraints to supervise albedo and lighting. Al-
though contemporary works handle this ill-posed problem with
encoders—decoders [ZCW*25] or pre-trained priors [LHG*25], we
prefer self-supervision strategies similar to Ly. In other words,
finding reliable features to guide albedo and lighting without heav-
ily relying on neural components is an interesting direction that we
regard as a potential improvement for decomposing appearance.

Self-reflection and self-shadowing The incorporation of BRDF
parameters helps cope with reflective surfaces, yet our implemen-
tation cannot faithfully decompose the appearances of objects ex-
hibiting self-reflection. Figure 9 illustrates our method’s limitation
in reconstructing such objects, where self-reflecting regions pose
challenges to the optimization process. These appearance proper-
ties require ray-based approaches [GGL*23, MLMP*24] to model
indirect lighting, and we regard this as a promising enhancement to
our joint supervision framework.

Learnable metallic Currently, we approximate the metallic com-
ponent of the BRDF as m = 1 — p, which is not ideal in some
scenes. Figure 10 illustrates one such case, where metallic values

D. M. Nguyen et al. / GS-2M

Figure 9: The reconstructed mesh of the Toaster scene from the
Shiny Blender Synthetic dataset [ZCW*25, MLMP*24]. We fail to
recover this scene due to the limited capability of the employed
shading model.

Metallic GT

Roughness

Figure 10: The approximation of metallic from roughness is not
coherent with the appearance properties of some objects. Notice
how the white stripes of the car in the rendered metallic map are
approximated as dielectric, where they should be metal.

along the white stripes are not coherent with the car surface because
they are derived from the roughness map. To this end, making the
metallic parameter learnable is a preferred improvement, yet this
would require advanced supervision strategies to avoid overfitting,
which we leave as a future perspective.

Better densification As discussed in the previous section, we
encounter out-of-memory errors when reconstructing unbounded
scenes [KPZK17]. This is the direct consequence of using the un-
modified adaptive density control (ADC) of 3DGS [KKLD23],
where excessive Gaussians are generated due to the vast back-
ground details. Moreover, the shading function we employ for our
method is designed for object-centric scenes, making the joint opti-
mization pipeline unfavorable for these scenarios. We are interested
in adopting recent outstanding works [KRS*24] to help with recon-
structing large-scale scenes.

Object-centric scenes Our framework is primarily designed for
object-centric reconstruction because the adopted PBR pipeline and
deferred shading formulation are not well suited for large-scale or
unbounded scenes with complex illumination and extensive back-
ground geometry. While our method can still recover reasonable
geometry in such cases, the lack of explicit modeling for global
illumination and environment lighting limits both stability and
scalability. We therefore position our approach as a high-fidelity
object-level reconstruction method and regard extensions toward
unbounded scenes as an important direction for future work.

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.
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6. Conclusion

We have presented and discussed our material-aware, joint-
optimization framework for high-fidelity mesh reconstruction 3D
Gaussian splatting. We started introducing the emergence of neu-
ral rendering as a faithful paradigm to replace manual, laborious
work in visual computing domains. While neural implicit meth-
ods promise their effectiveness in addressing a large number of vi-
sion tasks, we chose to pursue Gaussian splatting approaches due
to their explicit and resource-friendly nature. On assessing the ca-
pabilities of SOTA neural explicit methods for mesh reconstruction,
we discovered that they struggle to reconstruct highly reflective sur-
faces due to the lack of appearance modeling. We therefore propose
a joint optimization solution with BRDF parameters independent of
external factors and a novel roughness supervision strategy based
solely on multi-view photometric variation. The experiments show
that our framework maintains the reconstruction performance with
SoTA for diffuse objects while simultaneously handling highly re-
flective ones, making it suitable for both mesh reconstruction and
material decomposition. Despite still carrying several limitations
and ideal for object-centric scenes, we believe our solution is a
starting point in unifying both tasks, aiming toward high-fidelity
surface and appearance reconstruction.
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