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Fig. 1: Teaser: We propose a novel, confidence-based method to extract meshes from
3D Gaussians. Each Gaussian is equipped with additional confidence values that bal-
ance photometric and geometric losses in a self-supervised manner. Compared to related
work, our final meshes exhibit finer details and fewer artifacts.

Abstract. Recently, 3D Gaussian Splatting (3DGS) greatly accelerated
mesh extraction from posed images due to its explicit representation and
fast software rasterization. While the addition of geometric losses and
other priors has improved the accuracy of extracted surfaces, mesh ex-
traction remains difficult in scenes with abundant view-dependent effects.
To resolve the resulting ambiguities, prior works rely on multi-view tech-
niques, iterative mesh extraction, or large pre-trained models, sacrificing
the inherent efficiency of 3DGS. In this work, we present a simple and ef-
ficient alternative by introducing a self-supervised confidence framework
to 3DGS: within this framework, learnable confidence values dynam-
ically balance photometric and geometric supervision. Extending our
confidence-driven formulation, we introduce losses which penalize per-
primitive color and normal variance and demonstrate their benefits to
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surface extraction. Finally, we complement the above with an improved
appearance model, by decoupling the individual terms of the D-SSIM
loss. Our final approach delivers state-of-the-art results for unbounded
meshes while remaining highly efficient.

Keywords: Mesh Extraction - 3D Gaussian Splatting - Surface Recon-
struction

1 Introduction

Accurate reconstruction of high-quality surfaces from multi-view captures is a
long-standing problem in Computer Vision. Recent progress in this field has
mostly been driven by Novel View Synthesis methods such as Neural Radiance
Fields (NeRF) |41] and, more recently, 3D Gaussian Splatting (3DGS) [25]. Most
prior art optimizes a scene representation driven by photometric losses, with
additional geometric priors during optimization; subsequently, a tailored mesh
extraction algorithm is applied post-hoc to extract the final surface.

The improvements in speed and accuracy delivered by 3DGS have led to
a recent surge in surface reconstruction methods [4,/17,|19/69]. The main diffi-
culty to overcome in this specific setting is the inherent coupling of geometry
and appearance within 3DGS (i.e., geometric primitives are endowed with ap-
pearance features): This implies that the appearance may be modified directly
or indirectly by updates to the underlying geometry. In challenging scenarios
with high-frequency view-dependent appearance, updating the geometry may,
in fact, represent the only viable way to truly minimize the photometric error;
particularly since Spherical Harmonics (SH), as currently employed, are limited
to low-frequency components [10]. For instance, certain high-frequency view-
dependent effects are often represented as highly opaque Gaussians behind a
semi-transparent surface, which are only visible from certain viewpoints.

Recent work has already identified these challenges and proposed various
solutions. Some methods [4}31}74] rely on multi-view geometric and photomet-
ric constraints, which effectively constrain the geometry of Gaussians. Other
works [5}/30},/36] rely on large, pre-trained monocular models for either normals
or depth, enabling stronger supervision compared to the commonly used geo-
metric constraints. Another, more recent line of work [16] proposes mesh-aware
optimization strategies, enforcing bidirectional consistency between Gaussians
and the extracted mesh during training. However, all of these approaches add
inherent overhead that negatively impacts computational efficiency.

In this work, we pose the question: How far can we push surface extraction
without relying on any of the previously introduced techniques? The answer
comes in the form of a self-supervised confidence framework inspired by recent
work on Bayesian Networks [24] and feed-forward models 58|, where learnable
per-primitive confidence values dynamically balance photometric and geometric
losses. Further, we introduce confidence-steered densification, which mitigates
the over-densification problem, where small Gaussians in difficult-to-reconstruct
regions are cloned repeatedly. Within this self-supervised framework, we identify
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blending variance as a primary indicator of geometric uncertainty. To address

this, we introduce color and normal variance losses, further boosting the resulting

mesh quality. To support the optimization of a consistent 3D scene representa-

tion, we investigate commonly used appearance embeddings that compensate for

varying illumination and propose a novel D-SSIM decoupling mechanism that

improves mesh quality driven by a more consistent 3D scene representation.
Our contributions can be summarized as follows:

— We introduce a self-supervised confidence framework to 3D Gaussian Splat-
ting, along with densification adaptations, improving surface reconstruction

— We demonstrate how reducing variance in color- and normal blending re-
solves visual and geometric ambiguities, thereby improving the accuracy of
surfaces

— Motivated by an analysis of photometric losses in 3DGS, we propose a novel
decoupled appearance embedding, improving reconstruction in challenging
real-world datasets

Together, these purely self-supervised contributions allow us to achieve state-
of-the-art performance for unbounded mesh extraction, while strictly avoiding
the computational overhead of prior-dependent methods to maintain a highly
competitive runtime (cf. Fig. .

2 Related Work

Radiance Field Methods. Kerbl et al. revolutionized novel view synthesis through
3D Gaussian Splatting (3DGS) |25, which usurped previous implicit and hybrid
methods [2/41//44]. Recent work has extended this approach by mitigating various
rendering artifacts [18}/481/54,/57,/68], improved densification strategies [27}/39%50]
65|, and enhanced view-dependent appearance [1043564]. Other methods focused
on obtaining more lightweight representations [12,/39,47], or extending 3DGS to
support other camera models [43]/62]. 3DGS has also inspired a wave of follow-up
works, focused on improving the underlying 3D representation itself [1537}[55].

Uncertainty in Radiance Fields. The optimization of radiance fields given im-
perfect, real-world data is inherently underconstrained. To quantify the result-
ing uncertainty, existing works leverage Bayesian frameworks: Variational infer-
ence has been used to learn probability distributions over radiance fields [32]
52,53|. Alternatively, Bayes’ Rays |14] estimates the uncertainty after optimiza-
tion via Laplace approximation, while other works explore density-aware or self-
ensembling techniques [56,(75]. While these methods have proven effective for
active reconstruction — where agents are guided towards high-uncertainty re-
gions [22,[23}63] — applications to surface reconstruction remain underexplored:
Both UA-GS [36] and VCR-GauS [5] use confidence to balance the influence
of inconsistent, independently predicted pseudonormals. In contrast, our self-
supervised confidence loss balances the influence of photometric and geometric
losses during optimization, without relying on large, pre-trained networks.
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Compensating for Varying Appearance in Radiance Fields. Compensating for
camera-specific image sensor processing (ISP) is central to all 3D reconstruc-
tion tasks from images. NeRF in the Wild [40] repurposes generative latent
optimization [3| to compensate for variations in capture time; this approach
was adapted by follow-up works extending 3DGS to in-the-wild data [7,[29}(71].
For less extreme variations, lighter models may also be employed. Both Vast-
Gaussian [34] and Hierarchical 3DGS [26] compensate for exposure variations
for large-scale data; interestingly, the appearance model from VastGaussian has
been widely adopted in surface reconstruction methods [16,49,/69]. Wang et al.
extend learnable affine mappings with bilateral grids [59] to compensate for
varying illumination. ADOP [51] models a camera compensation module as a
learnable post-process, whereas NExF [45] elevates exposure prediction to 3D.
Concurrently, PPISP [9] proposed a physically-motivated camera compensation
module with a custom controller module, allowing for inference of ISP proper-
ties during inference. In contrast, we analyze and improve the commonly used
appearance embeddings for mesh extraction, which we demonstrate to vastly
improve surface reconstruction metrics.

Surface Extraction from 3D Gaussians. Extracting meshes from 3DGS is usually
achieved by incorporating geometric priors during optimization and extracting
a mesh as a post-hoc process. Such geometric priors may come in the form of
surface-alignment [17], multi-view constraints [431], monocular priors [51/30431],
or the use of Gaussian surfels directly [8l{19]. These baseline approaches have been
extended with rasterized depth [70] or quadric surfaces [74]. Some works establish
an opacity field in 3D to use marching tetrahedra for unbounded meshes [49}/69].
Another recent line of work establishes bidirectional consistency between meshes
and Gaussians [16]. Alternatively, some works jointly optimize a neural SDF
for mesh extraction [33}[38,/67,/72], while others leverage sparse voxel rasteri-
zation [30}/55]. Another class of techniques explores stochastic frameworks for
surface reconstruction [6}/21,42|. Building on these prior works, we demonstrate
state-of-the-art unbounded mesh extraction.

3 Method

3.1 Preliminaries

3DGS [25] represents scenes using N anisotropic 3D Gaussians. Each primitive
is characterized by a position u; € R3, orientation R; € SO(3), diagonal scal-
ing matrix S; € diag(R?), opacity o; € [0,1], and spherical harmonics (SH)
coefficients 6;. The covariance matrix is given by X; = R;S;S! RT.

To render a pixel, Gaussians are sorted front-to-back along the corresponding
ray 7(t) = o + td and accumulated via alpha-blending:

N—

I(r) = > wi(r) sh(6;,d), (1)

=0

=
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where w; () = a;(7) H;;ll(l—aj (7). Following recent works [18,541/69], we eval-

uate the opacity «;(r) directly in 3D at the point @} of maximum contribution
along the ray:

aulr) = osexp (- (a7 )" 2 @7 - ). ®)

where x is analytically found by minimizing the Mahalanobis distance between
the ray and the Gaussian center:

d" 3 (pi — o)

x; =0+ —
d'x'd

(3)

The parameters are optimized to minimize a photometric reconstruction loss,
which is a combination of £; and D-SSIM [60] terms:

Lrgb = (1 - )\rgb)ﬁl (I, i) + /\rngD—SSIM (17 i)a (4)

with Argp = 0.2. Here, Lp_gsiv is the dissimilarity, which can be re-written as

Lp.ssia(LI) =1 —U(LT) - (1) s(L 1), (5)

with [, ¢, s the luminance, contrast, and structure terms, respectively. We refer
the interested reader to |46 for an in-depth analysis of SSIM.

Appearance Modeling. The appearance modeling approach of VastGaussian [34]
consists of per-image latents p; € R, which are concatenated to the down-
sampled version of I. A convolutional neural network Fe then predicts a full-
resolution, per-channel corrective mapping

M; = Fo ([d532(i), Pi]) ) (6)

with M; € RIXWX3 " ds35(-) denoting downsampling by a factor of 32 and [-, -]
denoting channel-wise concatenation, where p; is first spatially broadcast. The
rendered image is then transformed according to

PP =1 o0 (M), (7)
with o(+) denoting the sigmoid activation Importantly, the modified image Ievp
is only used for the £;-loss in Eq. .

3.2 Improved Decoupled Appearance

Compensating for the camera-specific image sensor processing is central to ob-
taining a coherent 3D scene representation. Previous mesh extraction pipelines |16,
491|69] have addressed this by adopting the decoupled appearance model from
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Fig. 2: Analysis of the Photometric Loss Components: The luminance term of
D-SSIM is highly dependent on the illumination; in this example, the luminance error
is reduced by a factor of 9x by considering the appearance embedding.

VastGaussian , or by directly learning per-image transformation during train-
ing . However, both of the aforementioned approaches only consider the mod-
ified image for the Li-loss and use the original rendered image for Lp_ssim,
arguing that SSIM is inherently more structural.

Upon revisiting Eq. , we find that the luminance term in particular is not
structural, and dominated by variations in illumination; see Fig. [2] for a visu-
alization. Therefore, we use I*PP for the luminance term, effectively modifying
Eq. to R R A

LiFsmg = 1= UL 1) - ¢(LT) - s(L,T). (8)

As we will demonstrate, using the modified image only in the luminance-term
delivers superior results; intuitively, as the contrast and structure terms are
illumination-invariant, using the modified image for all SSIM terms may lead to
the appearance model compensating for incorrect renderings. Moreover, when
considering the I°PP for these terms, artifacts due to CNN upsampling may
pollute gradient flow.

We additionally improved the original VastGaussian implementation , un-
locking a minor performance boost in itself; ¢f. Supplementary S.1.1 for details.

3.3 Confidence-Aware Gaussian Splatting

Previous approaches for surface extraction struggle with balancing photomet-
ric and geometric losses; in regions with high-frequency view-dependent ap-
pearance, photometric losses dominate, and large gradient magnitudes lead to
over-densification, where small Gaussians are repeatedly cloned. In these high-
primitive density regions, 3DGS is particularly prone to faking view-dependent
appearance with geometry.

To compensate for this, we take inspiration from recent feed-forward recon-
struction models [58] and weigh our photometric loss by a learned confidence
value C' € R{*W,

Econf = Ergb . é - ﬂ : IOg é7 (9>

3 The use of the sigmoid activation is following the re-implementation from GOF ;
note that the source code for VastGaussian was never released.
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where the hyperparameter 5 € R, defines the exact photometric error value
at which Leonf = Ligh,. When C = 1, the loss reduces to L., Intuitively, this
allows for trading photometric loss for uncertainty when €' < 1. Importantly,
the geometric losses remain untouched by this formulation; thus, the rendered
confidence can be used to balance both terms.

Eq. (Eb also directly influences parameter updates: As OLcont/OLrgh = C’,
the gradients for each primitive are scaled by the rendered confidence. Hence,
updates from ambiguous regions are downweighted intrinsically by using this
loss formulation, balancing larger image errors. Conversely, updates for confident
regions are scaled by a factor larger than 1; in practice, this is not an issue as
gradients for regions of high confidence are typically small.

Meetingroom
.

Fig. 3: Confidence-Driven Gaussian Splatting: We show rendered images from
our trained method, accompanied by the rendered confidence maps C. The confidence
maps effectively isolate reflective surfaces, thin foliage, or rarely observed areas (such as
the roof for Barn). Importantly, the low-confidence regions are still well-reconstructed.

Rendering Confidence. We endow each primitive with a learnable scalar value
v;, initialized to 0, from which we derive the confidence 4; using

’% = exp (72) s (10)

ensuring an initial value of 1. We derive the final rendered confidence map C via
alpha-blending (cf. Fig. [3| for a visualization):

N—-1

)= 3 wilr) . (11)

i=0

Confidence-Aware Densification. Clearly, the confidence-based balancing from
Eq. @D changes the magnitude of the loss, and may even lead to negative values
for Leons, when confidence is large and L,q1, approaches 0. Because the densifi-
cation scheme is built on the magnitudes of per-Gaussian gradients , it
needs to be adapted.
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In particular, we want to prevent over-densification for difficult-to-reconstruct
regions; these are usually characterized by low C. Within gradient densification,
primitives are usually split or cloned when the accumulated positional gradi-
ents exceed a threshold 7gaq € R4. To discourage unconfident Gaussians from
splitting, we divide this value by the per-primitive confidence:

Tgrad

win (3, 1) 1

7_—grad =
Importantly, we clamp the denominator by 1 to ensure that confident Gaussians
are not over-densified (i.e. Tgrad > Tgrad). In practice, we find that these modifi-
cations slightly reduce the overall primitive count when f is set to a reasonable
value.

(b) With variance losses

Fig. 4: Effect of our proposed Variance Losses: Rendering color and normals only
for the first-hit Gaussians shows how the variance losses align individual Gaussians
better to the true object surface, in both color and orientation.

3.4 Variance Reducing Losses for Blending

While confidence-steered optimization already improves mesh quality, we still
observe cases where view-dependent appearance is represented with geometry;
most frequently, this is characterized by highly opaque primitives just behind
surfaces, which are blocked in different amounts by semitransparent primitives
depending on the viewing angle. This is in part enabled by the use of alpha-
blending (see Eq. ): Since only the blended final color is used to compute the
loss, individual primitives have no incentive to correctly model radiance.

Previous work replaces the loss function of NeRF to apply the photomet-
ric loss to the individual color samples along the ray instead of the blended result,
which effectively constrains such extreme cases. We find that naively applying
this method to 3DGS significantly deteriorates reconstruction quality, because
the vital SSIM loss cannot be applied per-primitive. Instead, we introduce an
additional weighted per-primitive L£o-loss with the ground truth pixel color I to
complement the standard 3DGS training loss:

2

-1

Ecolor—var = wl(r) ||Sh(02’ d) - I”; : (13)

s
I
=}
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Under the assumption that I represents the rendered color, this is equivalent to
minimizing the blended color variance along the ray. While this formulation of
uncertainty has already been explored in radiance fields [11], the key difference
is our employment of this formulation as a loss term, within the specific context
of surface reconstruction.

The per-pixel normals used in the depth-normal consistency loss [19}/49,/69]
are also alpha-blended, resulting in poor alignment of individual Gaussians to
the surface that can be remedied with the introduction of a normal variance loss

N-1

2
Lnormal-var = E wl(r) ”nl - N||2 = 1—||N||§, (14)
1=0

with blended pixel normal N = Zivzgl w; (1) n;.

The resulting improved color and normal consistency is demonstrated in
Fig. [4l We note that the commonly used depth distortion loss |1] can also be
interpreted as a variance loss on the blended depth.

4 Results and Evaluation

Implementation Details. Due to its relative speed, we build our solution on top
of the SOF codebase [49]. For mesh extraction, we also use Marching Tetra-
hedra with binary search [69] to extract unbounded meshes, using the faster
implementation from Radl et al. [49]. Our final loss function is:

L= Econf + Egeom + )\color—varﬁcolor—var + /\normal—varcnormal—var7 (15)

where Lgeom denotes the geometry losses as used in SOF (see [49] for details).
We set Aeolorvar = 9 X 1071 and Apormalvar = B X 1073 across all scenes.

For the confidence values 7;, we use a learning rate of 2.5 x 1074, and set
B = 0.075 for all scenes. We also report results for 5 = 0.05, which represents
a lighter variant of our model. We enable L.o,¢ from iteration 500, right at
the start of densification; empirically, we have not observed improved training
stability when enabling confidence learning later. Further implementation details
are included in Supplemental S.1.

Datasets and Comparisons. To benchmark unbounded mesh extraction, we pri-
marily rely on the Tanks & Temples dataset |28|. For bounded scenes, we include
a more rigorous baseline for real-world surface extraction by conducting exten-
sive evaluations on the high-fidelity ScanNet++ dataset [66], moving beyond
traditional small-scale object benchmarks [20]. Finally, we evaluate novel view
synthesis and mesh extraction on the Mip-NeRF 360 dataset [1].

Our main comparison points are GOF [69], SOF [49], RaDe-GS [70] and
MILo [16] for unbounded meshes; we also include QGS [74] and PGSR [4] as
representative bounded, multi-view baselines. We reproduced all results using
the latest available codebase. To ensure a fair and reproducible comparison,
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we standardized the evaluation protocol across all methods. Specifically, we ad-
justed the training and evaluation settings (e.g. matching image resolutions and
train/test splits) for several baselines (see the supplementary material for de-
tails). Consequently, the reported results do not always reflect the numbers re-
ported by the authors. Importantly, we excluded methods relying on pre-trained
monocular models [5}/30,/31] from this comparison, and refer the reader to the
supplementary material for a dedicated discussion.

4.1 Surface Reconstruction

Table 1: Full Geometry Reconstruction results for the Tanks & Temples dataset
|28]. We evaluate the Fl-score (higher is better) and report runtimes, measured on an
RTX 4090. Overall, our method achieves the best reconstruction quality of all tested
methods (without leveraging multi-view constraints), while remaining efficient.

Barn Caterpillar Courthouse Ignatius Meetingroom Truck Average Runtime

PGSR 0.548 0.437 0.238 0.728 0.367 | 0.658 0.496  28min
QGS 0.536 0.374 0.183 0.733 0.374 0.645 0.474  4lmin
GOF 0.484 0.402 0.288 0.674 0.275 0.596 0.453  40min
SOF 0.535 0.408 0.297 0.736 0.309 0.558 0.474  17min
RaDe-GS 0.529 0.464 0.316 0.536 0.343 0.576 0.461 8min
MILo 0.541 0.389 0.322 0.757 0.281 0.617 0.485  60min
Ours 0.534 0.472 0.333 0.782 0.372  0.634 0.521  18min
Ours (8 =0.05) 0.519 0.451 0.315 0.752 0.358 0.637 0.505  16min

Unbounded Meshes. Our main quantitative results concern mesh reconstruction
for the Tanks & Temples dataset |28], which are presented in Tab. [I} We re-
port the Fl-score for each scene, the overall average, as well as the average
optimization time across methods. Our approach delivers superior overall accu-
racy, achieving a leading average F1-score of 0.521, outperforming all evaluated
baselines with a significant margin. Specifically, our method demonstrates ex-
ceptional robustness in challenging scenarios: our decoupled appearance module
effectively resolves the varying illumination present in Caterpillar and Ignatius,
obtaining the best scores for these scenes. Our confidence framework and variance
losses result in robustness for particularly challenging scenes, such as Courthouse
(where we have > 1100 input images). For Meetingroom and Truck, our method
attains the highest scores out of all unbounded methods; here, bounded base-
lines [4,[74] rely on heavy multi-view constraints to regularize underconstrained
regions such as the textureless floor. In summary, our method attains state-
of-the-art performance, extracts detailed unbounded meshes, and demonstrates
highly competitive runtimes (optimization in < 20 minutes).

Bounded Meshes. We additionally evaluated bounded mesh extraction on a 6-
scene subset of the ScanNet++ dataset [66] (see the supplementary material for
selection details). We present our quantitative results in Tab. [2| where we report
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Table 2: Full Geometry Reconstruction results for our ScanNet++4-v2 subset
[66], where we report the Fl-score. Our method attains the highest scores across all
scenes, underscoring our real-world applicability.

5a269ba6fe 08bbbdcc3d 39f36da05b c263dfbf0 ef18cf0708 £b564c935d Average

PGSR 0.668 0.666 0.647 0.630 0.542 0.632 0.631
QGS 0.646 0.622 0.571 0.522 0.504 0.572 0.573
GOF 0.620 0.670 0.611 0.672 0.504 0.661 0.623
SOF 0.599 0.681 0.616 0.675 0.497 0.621 0.615
RaDe-GS 0.642 0.628 0.618 0.600 0.557 0.634 0.613
MILo 0.622 0.675 0.621 0.626 0.542 0.660 0.624
Ours 0.670 0.729 0.657 0.715 0.551 0.684 0.668
Ours (8 = 0.05) 0.678 0.715 0.656 0.716 0.555 0.678 0.667

the per-scene and average F1-score. Our full method outperforms other works by
a significant margin and attains the best performance for all scenes. Crucially,
these results demonstrate the applicability of our method in unconstrained, real-
world scenarios: ScanNet++ is known to suffer from exposure variation, incon-
sistent lighting, and occasional blur, which our decoupled appearance module
faithfully compensates for.

Qualitative Comparison. Fig. [f] visualizes qualitative mesh comparisons against
baseline approaches. When compared to bounded surface extraction methods [4}
74], our meshes are significantly more complete. These baselines rely on multi-
view constraints that tend to aggressively over-smooth or entirely cull fine, com-
plex geometry (e.g., thin structures and foliage).

Conversely, the state-of-the-art unbounded method MILo [16] suffers from
similar artifacts. This limitation can be directly attributed to its mesh-aware
bidirectional consistency loss, which is most easily minimized by generating
overly smooth geometry. Consequently, the resulting meshes lack intricate sur-
face details. Finally, compared to our direct baseline, SOF [49|, our extracted
meshes exhibit finer details while successfully avoiding the majority of visual ar-
tifacts. These enhancements are driven by our proposed confidence framework,
which provides a dedicated mechanism to explicitly resolve severe photometric
ambiguities. Finally, we demonstrate mesh rendering of challenging unbounded
scenes from Mip-NeRF 360 [1] in Fig. [6]

4.2 Ablation Studies

Individual Components. We investigate the impact of our contributions in Tab.
where we considered the Tanks & Temples as well as ScanNet+-+ dataset.
Adding our improved appearance module leads to better mesh quality across
both datasets; on its own, it outperforms MILo [16], the current state-of-the-
art method for unbounded meshes. Adding L¢on¢ leads to further improvements,
with a significant 0.03 gain for ScanNet++-. This substantial boost can be at-
tributed to the inherent ambiguities of indoor scenes, such as untextured walls,
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Table 3: Ablation Study for our Method: We analyze the effects of our individual
contribution on both the Tanks & Temples 28] and the ScanNet++ dataset [66]. As
we can see, all our proposed components result in notable improvements.

Tanks & Temples ScanNet+|+
Method Precision” Recall” F1-Score’ Precision” Recall” F1-Score®
SOF [49] (baseline) 0.542 0.438 0.474 0.565 0.677 0.615
+ Improved Appearance  0.557 0.459 0.493 0.577 0.685 0.625
+ Lecont 0.568 0.479 0.509 0.605 0.715 0.655
+ Loolor-var 0.571 0.491 0.519 0.606 0.722 0.658
+ Lnormal-var 0.580 0.491 0.521 0.613 0.734 0.668

Table 4: Ablation Study on the Decoupled Appearance Module: We compare
appearance embeddings via surface reconstruction on the Tanks & Temples dataset |2§].
Our proposed decoupled configuration yields the strongest results.

Baselines (Standard) Ours (Ablations)
Method Precision’ Recall’ F1-Score’ Method Precision’ Recall’ F1-Score’
VastG. [34] 0541 0440 0475 VastG. (Imp.) ~ 0.557  0.445  0.484
PGSR [4] 0.545  0.441  0.478 w/o 1(-) 05500 0.441  0.483
H3DGS [26] 0.553 0.448 0.484 w/o SSIM Dec. | 0.559 0.453 0.490
PPISP |9 0.556 0.456 0.489 Ours 0.557 0.459 0.493

inconsistent lighting, and occasional blur. The color variance loss further im-
proves performance by constraining extreme scenarios, in which view-dependent
appearance is represented with geometry; naturally, this yields the strongest
gains on Tanks & Temples, where such high-frequency effects are abundant.

Conversely, Liormalvar leads to notable improvements for both datasets, with
a stronger impact for ScanNet-++. This perfectly aligns with the indoor nature
of the dataset, which is heavily dominated by planar structures (e.g., walls, ta-
bles); in such environments, enforcing consensus between per-primitive normals
acts as a highly effective regularizer. Overall, our techniques lead to F1-score
improvements of 0.047/0.053.

Decoupled Appearance. We evaluate multiple variants of our decoupled appear-
ance module in Tab. ] validating our SSIM-decoupled design; here, we disabled
all other components to isolate the effects of the appearance embeddings. As
baselines, we consider the appearance embeddings as used in VastGaussian [34],
PGSR [4], Hierarchical-3DGS (H3DGS) |26], as well as the concurrent work
PPISP [9]. Our architectural enhancements to the VastGaussian baseline (VastG.
(Imp.)) already yield a notable improvement in F1-score. Disregarding the lumi-
nance term (w/o [(+)) attains similar results compared to VastG. (Imp.), demon-
strating that this loss term alone does not benefit scene reconstruction unless
appearance is also explicitly compensated for. Using the I2PP for Lp.ssmm (w/o
SSIM Decoupling) greatly improves surface extraction results, however, we ob-
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Fig.5: Qualitative Mesh Comparison: Our approach produces more detailed
meshes with fewer artifacts than other unbounded methods [16[49]. Additionally, it
achieves higher completeness and finer detail than bounded extraction works .

Fig. 6: Unbounded Mesh Rendering: Our method reconstructs both fine details
and high-quality backgrounds on challenging Mip-NeRF 360 scenes .

tain even stronger results when using I for contrast and structure terms (Ours).
Both of these variants slightly outperform PPISP, which targets inference; con-
versely, we optimize for 3D coherence and faithful mesh extraction.
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Confidence. Finally, we ablate our 5
choice of 3, which is the primary hy-
perparameter in our implementation. 025
To this end, we present results for g
the Tanks & Temples dataset on sur-
face reconstruction, using g € [0, 0.2],
¢f . in Fig. [} Here, we only used our
improved appearance model while re-
moving our variance losses to keep the
confidence isolated. As can be seen,
using 8 = 0 provides no incentive to
the model to maximize C' , a8 Leonf re-
duces to Lygp - C’, resulting in under-
reconstruction with very few points.
Using a value of 5 = 0.2 results in the
opposite effects, where the penalty is
too harsh to allow for any uncertainty;
this results in a huge number of primi-
tives, as the large L,q1, causes massive
absolute gradients, negatively impact-
ing densification. Note that [ represents a specific photometric error, where
even small perturbations have large effects on visual quality. Interestingly, a
choice of 8 = 0.05 may represent a light variant of our model; achieving strong
mesh extraction results, while keeping the number of primitives low. Ultimately,
B = 0.075 achieves the highest Fl-score, while using slightly fewer primitives
than the baseline (w/o confidence). Our evaluation further demonstrates the
robustness of 3, achieving SOTA results across 4 diverse datasets without any
tuning. We refer to our supplementary material for a more thorough discussion,
and more visualizations.

#Gaussians

== F1-Score
=~ #Gaussians

Baseline (F1-Score)
Baseline (#Gaussians)

Fig.7: p-Ablation Study: We evaluate
surface reconstruction quality for varying
choices of . Our chosen value of 0.075
achieves the best performance.

5 Discussion, Limitations and Future Work

Our proposed method effectively extracts high-fidelity surfaces, but it is not
without limitations. Fundamentally, our framework relies on the assumption of
a moderately dense capture setting. While our confidence-driven losses success-
fully resolve photometric ambiguities and greatly reduce artifacts, occasional
holes or cavities may still manifest in severely occluded or unobserved regions.
We believe that for such scenarios, or specifically in sparse-view capture set-
tings, integrating multi-view geometric constraints |[4] or monocular priors
effectively compensates for the lack of densely captured data.

Furthermore, our method struggles to reconstruct detailed geometry for dis-
tant background regions. Due to the insufficient capture density and lack of
“close-up” captures, the 3DGS reconstruction itself is insufficiently densified in
these areas. We believe that pre-trained multi-view diffusion models ,
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along with specialized densification recipes, may aid in supplying additional de-
tails for such regions.

Finally, our confidence framework opens exciting avenues for broader down-
stream applications. We hypothesize that this formulation could readily be adapted
into a heuristic-free densification framework for general 3DGS: As demonstrated
in Fig.[7] the confidence penalty parameter 3 already acts as a hyperparameter
that balances mesh quality and primitive count. We also believe that this ap-
proach may benefit other downstream 3DGS applications, such as 3D inpainting
or super-resolution training.

6 Conclusion

In this work, we presented a confidence-steered framework tailored for high-
fidelity surface extraction from 3D Gaussian Splatting. By introducing learnable,
per-primitive confidence values alongside color and normal variance losses, our
method dynamically mitigates the ambiguities caused by high-frequency view-
dependent appearance. Furthermore, based on a rigorous analysis of the popular
D-SSIM loss, we proposed an architecturally improved, decoupled appearance
embedding that explicitly compensates for unconstrained real-world illumina-
tion changes. Ultimately, our contributions allow us to achieve state-of-the-art
results for unbounded mesh extraction, all while strictly avoiding the inherent
computational overhead of prior-dependent methods to maintain a highly com-
petitive runtime (optimization in < 20 minutes). Our full implementation is
publicly available at https://github.com/r4d1l/CoMe.
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