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Abstract

Three-dimensional Gaussian Splatting (3DGS) has recently emerged as an effi-
cient representation for novel-view synthesis, achieving impressive visual quality.
However, in scenes dominated by large and low-texture regions, common in in-
door environments, the photometric loss used to optimize 3DGS yields ambiguous
geometry and fails to recover high-fidelity 3D surfaces. To overcome this limita-
tion, we introduce PlanarGS, a 3DGS-based framework tailored for indoor scene
reconstruction. Specifically, we design a pipeline for Language-Prompted Planar
Priors (LP3) that employs a pretrained vision-language segmentation model and
refines its region proposals via cross-view fusion and inspection with geometric
priors. 3D Gaussians in our framework are optimized with two additional terms:
a planar prior supervision term that enforces planar consistency, and a geometric
prior supervision term that steers the Gaussians toward the depth and normal cues.
We have conducted extensive experiments on standard indoor benchmarks. The
results show that PlanarGS reconstructs accurate and detailed 3D surfaces, con-
sistently outperforming state-of-the-art methods by a large margin. Project page:
https://planargs.github.io

1 Introduction

Image-based 3D modeling is a long-standing challenge in the computer vision community, aiming to
recover the 3D scene from a collection of images [42]. It serves as a fundamental component for a
wide range of applications, including computer graphics, augmented/virtual reality (AR/VR), and
robotics. Recently, 3D Gaussian Splatting (3DGS) [18] has emerged as a promising approach to
modeling the 3D world. Given pictures captured from different viewpoints, 3DGS optimizes both
the appearance and the geometry (scale, rotation, and position) of 3D Gaussian spheres to enforce
the rendered image to be as close as possible to the real image captured in the target viewpoint. The
appearance similarity, described by a photometric loss, plays in key role in the 3DGS training process.

Despite its impressive visual quality of view rendering, 3DGS still struggles to reconstruct a high-
fidelity 3D surface model in scenes where large low-texture regions exist. Such kind of scenes are
commonly seen in indoor environments. Lack of textures makes using the appearance cue as the
supervision signal alone difficult to resolve the geometric ambiguities, resulting in inaccurate or
false geometric reconstruction. To resolve such ambiguity, the recent method PGSR [4] applies the
multi-view geometric consistency constraint to enhance the smoothness in areas with weak textures.
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Figure 1: PlanarGS overview. Our method takes multi-view images and language prompts as
inputs, getting planar priors through the pipeline for Language-Prompted Planar Priors (LP3). Our
planar prior supervision includes plane-guided initialization, Gaussian flattening, and the co-planarity
constraint, accompanied by geometric prior supervision. Both foundation models in the figure are
pretrained.

Other approaches [6, 46, 12] have incorporated monocular depth or normal priors in the optimization
process. However, existing methods still cannot handle large and texture-less planar regions. Those
methods tend to produce locally smooth and globally curvy surfaces instead of perfect planes for those
planar regions. One feasible solution is to explicitly detect those planar regions and enforce the planar
geometry on these regions. This idea has been explored in monocular depth estimation [22, 61, 36]
and Neural Radiance Field (NeRF) [13]. Those methods, however, highly rely on the performance of
a heuristic plane detector [22] or a standalone neural plane detector [13] trained from limited data.
However, such kinds of plane detectors often produce noisy segmentation and are difficult to apply to
novel scenes (e.g, unseen planar objects not labeled in the training dataset).

In this paper, we introduce a novel framework of 3D Gaussian Splatting, PlanarGS, which leverages
pretrained foundation models to overcome the aforementioned challenges of indoor 3D reconstruction.
Foundation models, typically trained on vast, diverse datasets, exhibit far greater generalization and
better performance than smaller, task-specific networks. To detect the planar regions in the image,
we employ a pretrained vision-language segmentation model [39] prompted with terms such as
"wall", "door", and "floor". Using word prompts enables flexible adaptation to new scenes by simply
swapping or adding keywords, so the model can identify novel planar surfaces. For instance, in the
classroom, one might include the extra word "blackboard" as the prompt to capture the novel planar
structures not found in a home environment.

The detection results by the vision-language segmentation model always contain misleading region
proposals, so we design the pipeline for Language-Prompt Planar Priors (LP3) to obtain reliable
planar priors. For example, it is common that two connected perpendicular walls are merged into a
single planar region. To resolve such ambiguities, additional geometric cues are necessary. Moreover,
per-image detection frequently omits certain planes because it relies solely on local image information.
Incorporating multi-view context can recover these missing labels by aggregating evidence from
adjacent frames. Accordingly, we employ DUSt3R [50], a pretrained multi-view 3D foundation
model, to extract the depth and normal maps from neighboring images. Those maps serve as both
the extra cues for more accurate planar region identification and as the geometric priors to guide the
3DGS optimization. We opt for DUSt3R’s multi-view approach rather than a monocular alternative
such as [56, 57] because it produces view-consistent 3D structures, enabling robust fusion of region
proposals across views and yielding stronger 3D priors for the optimization process.

To incorporate planar priors into detected planar regions, we introduce a planar supervision scheme
during 3DGS optimization. This includes plane-guided initialization, Gaussian flattening, and a co-
planarity constraint, which together help preserve global surface flatness and suppress local artifacts.
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Depth and normal priors from the pretrained 3D model are applied to under-constrained regions. We
impose a prior normal constraint for planar regions, encouraging the surface normals extracted from
3D Gaussians to align with the per-pixel normals predicted by DUSt3R. For low-texture regions,
we constrain the rendered depth to match the scale-and-shift corrected prior depth and enforce
consistency between the predicted depth and normal. Finally, to compensate for insufficient SfM
points in texture-less planes, we densely initialize Gaussians by randomly sampling pixels within
each detected plane and using their 3D coordinates, which are back-projected from the depth priors,
as initial Gaussian centers.

Our main contributions include:

• We introduce a novel 3DGS framework that integrates semantic planar priors and multi-view
depth priors to achieve high-fidelity reconstruction in challenging indoor scenes.

• We design a robust pipeline for Language-Prompted Planar Priors (LP3) that applies vision-
language foundation models with cross-view fusion and geometric inspection to obtain
reliable planar priors.

• Our method achieves state-of-the-art performance on high-fidelity surface reconstruction
tasks across the Replica [44], ScanNet++ [60], and MuSHRoom [40] datasets.

2 Related Work
Image-based 3D Modeling: Image-based 3D modeling has been a long-standing goal in computer
vision. The typical pipeline is as follows. Firstly, structure-from-motion (SfM) [42] is used to recover
camera poses and sparse 3D points by matching feature points across different views. Then, based
on the posed images, Multi-view stereo (MVS) [2, 43, 58, 32] generates dense depth maps from
multi-view images via dense image matching, which are then converted to dense point clouds. Finally,
surface reconstruction [34, 17] is applied to recover the 3D mesh and its texture from the point clouds,
yielding the final 3D representation of the scene. This pipeline, successfully applied to outdoor
photogrammetry for decades, still struggles to reconstruct accurate 3D models in texture-less scenes,
such as indoor environments that usually contain large, texture-less planar regions. Moreover, using
textured meshes for 3D scene representation often exhibits holes or other artifacts when rendered
from novel viewpoints. Recently, implicit and point-based representations such as Neural Radiance
Fields (NeRF) and Gaussian Splatting have emerged, offering superior expressiveness for jointly
modeling geometry and appearance.

Neural Radiance Field (NeRF): Neural Radiance Field (NeRF) [33] utilizes a multilayer per-
ceptron (MLP) to model a 3D scene as a continuous 5D radiance field optimized via volumetric
rendering of posed images. However, because NeRF’s training also relies on photometric cues,
it still struggles to recover accurate geometry in texture-less regions. To address this limitation,
existing approaches have explored incorporating various priors. Many of them [48, 62, 45, 9, 35] use
data-driven monocular depth or normal prediction as priors to improve the quality of the results. Other
approaches incorporate indoor structural cues into reconstruction. For example, Manhattan-SDF [13]
enforces a Manhattan-world assumption [11] by constraining floors and walls to axis-aligned planes,
and another method [70] relaxes the constraints to the Atlantaworld assumption. Although better
results have been achieved, their methods depend on a standalone plane detector trained on limited
datasets, which reduces the flexibility across diverse scenes. Moreover, Manhattan-SDF requires an
additional MLP to fuse noisy plane segmentations across views by comparing predicted labels from
this MLP to observations. It is, however, not easy to extend such MLP fusion strategies to Gaussian
Splatting, which represents scenes purely with spherical Gaussians.

Gaussian Splatting: Comparing with NeRF, 3D Gaussian Splatting [18] represents scenes explicitly
with 3D Gaussians, which is more flexible and interpretable, as well as achieves significantly
faster training and rendering speed. Similar to NeRF, 3DGS also depends on photometric loss for
training. It therefore faces the same challenge in the texture-less environments. To enhance geometry
reconstruction in Gaussian Splatting, numerous approaches [26, 46, 6, 12] also utilize monocular
depth or normal priors for optimization. PGSR [4] introduces multi-view consistency, and FDS [7]
leverages optical flow priors, both demonstrating performance gains. In addition, structure cues of
indoor scenes have been exploited to guide Gaussian shapes and densification [1, 66, 41, 27]. Some
methods jointly optimize Gaussian reconstruction with other representations, which are effective but
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cumbersome. For example, GaussianRoom [53] combines with neural SDF [49], while other works
incorporate textured mesh [16] or semantic maps [52, 38].

However, the aforementioned methods either focus on constraints of local regions or lack effective
optimization mechanisms, making it dif�cult to reconstruct globally smooth surfaces. Our method
designs a pipeline that adapts foundation models to obtain accurate planar priors, allowing for the
holistic enforcement of co-planarity constraints in 3DGS. Meanwhile, multi-view depth priors also
provide geometric scale information for PlanarGS.

3 Method

The whole pipeline of PlanarGS is illustrated in Fig. 1. Firstly, we apply a pretrained multi-view 3D
foundation model [50] to obtain depth and normal priors. Subsequently, We leverage a pretrained
vision-language foundation model [39] to the input images. Planar prior masks are generated
from the model's outputs through our LP3 pipeline (Sec. 3.1 Pipeline for Language-Prompted
Planar Priors), which implements cross-view fusion and geometric veri�cation using the depth and
normal priors. In addition, the depth and normal priors serve to guide 3DGS optimization (Sec. 3.4
Geometric Prior Supervision). Notably, we propose a planar supervision mechanism (Sec. 3.3
Planar Prior Supervision) that �attens Gaussians and utilizes the planar priors to guide initialization
and enforce the co-planarity constraint during optimization. Finally, the high-�delity 3D mesh can be
recovered from the rendered depth maps from PlanarGS via TSDF fusion [31, 34].

3.1 Preliminary: 3D Gaussian Splatting

Three-Dimensional Gaussian Splatting [18] represents scenes with a set of GaussiansfG i g initialized
by the sparse SfM result. Each Gaussian is de�ned by the center� i and a full 3D covariance matrix
� i that can be factorized into a scaling matrix Si and a rotation matrix Ri :

Gi (x) = e � 1
2 (x�� i )T � �1

i (x�� i ) � i = R i Si ST
i R T

i : (1)
To project 3D Gaussians to 2D for rendering, the center and the covariance matrix of GaussianGi
can be projected to 2D coordinates as [71]:

� 0
i = KW [� i ; 1]T � 0

i = JW � i W T J T ; (2)
whereW is the viewing transformation matrix andJ is the Jacobian of the af�ne approximation of
the projective transformation. Rendering color C of a pixel can be given by �-blending [20]:

Ĉ =
X

i2N

Ti � i ci Ti =
i�1Y

j=i

(1 � � j ); (3)

where ci and � i represents color and density of the Gaussian and N is the number of Gaussians the
ray passes through.

3.2 Pipeline for Language-Prompted Planar Priors

Existing plane segmentation methods [28, 55, 68, 65, 54, 51, 29] primarily design small and dedicated
networks, which rely heavily on extensive annotated datasets and suffer from inaccurate segmentation.
While they can be applied for coarse plane extraction and reconstruction, their results cannot serve as
planar priors that impose strong constraints for high-quality 3D reconstruction, as ZeroPlane [29]
in Fig. 5. By comparison, our pipeline for Language-Prompted Planar Priors (abbreviated as LP3)
employs a vision-language foundation model GroundedSAM [39], applying cross-view fusion and
geometric veri�cation to its segmentation outputs to generate planar priors, as in Fig. 2. Simultane-
ously, since 3DGS is trained speci�cally for every scene, the tunability of prompts allows PlanarGS
to achieve better reconstruction in atypical scenes.

Cross-view Fusion: We �rst provide text prompts to the object detection foundation model [30]
and get bounding boxes. However, we found that large planes often go undetected in single images
because their regions either span beyond the frame or lie close to the image boundaries. As shown
in Fig. 2(a), to address the plane omission problem, we utilize the multi-view consistency from
neighboring viewpoints for the cross-view fusion of plane boxes. Speci�cally, we leverage prior
depth mapsD r (see Sec. 3.4) to back-project the main plane mask pixelsps from a neighboring
frame (source frame) into 3D points Ps:

Ps = D r (ps) � K �1 eps; (4)
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Figure 2: Pipeline for Language-Prompted Planar Priors (LP3). (a) We employ cross-view fusion
to supplement bounding box proposals. (b)(c) Prior normal and plane-distance maps are incorporated
for geometric inspection. Consequently, we obtain abundant and accurate planar priors from this
robust pipeline.

whereK is the intrinsic matrix,Ps = [x; y; z] T is in the camera coordinate system of source frame,
eps = [u; v; 1] T is the homogeneous coordinate of the normalized pixelps in the source camera.Ps
is then transformed into the camera coordinate system of the current frame (target frame)Pt and
�nally re-projected to 2D pixels pt :

Pt = R t R T
s Ps + (t t � R t R T

s t s) zt ept = K t Pt : (5)
After �ltering out nested boxes with the same labels, we obtain re�ned detection results for down-
stream segmentation.

Geometric Inspection: Subsequently, we generate pixel-scale segmentation masks through the
foundation model [19] according to the detected boxes. Nevertheless, sometimes the segmentation
masks may incorrectly cover multiple planes together due to imprecise boxes, so we employ inspection
from geometric priors as shown in Fig. 2(b)(c). We �rst convert depth priorsD r into surface-normal
priorsN dr using the local plane assumption [37, 4]. For each pixelp in the depth map, we sample
its four neighboring pixels and project these pixels into 3D points as Eq. 4, then the surface normal
of the local plane at pixel p is:

N dr (p) =
(P1 � P 0 ) � (P 3 � P 2 )
j(P 1 � P 0 ) � (P 3 � P 2 )j

: (6)

We then express the distance from the local plane to the camera as� r (p) = P � N dr (p) and get a
prior plane-distance map� r . We apply the K-means clustering to partition the prior normal mapN dr
to separate non-parallel planes. For the separation of parallel planes, we identify the outliers of the
plane-distance map as geometric edges that violate the local plane assumption. This stage also splits
non-planar areas into fragments so we can �lter them out.

3.3 Planar Prior Supervision

Inspired by previous works [61, 22, 21, 23], we leverage semantic planar priors as a holistic super-
vision for indoor reconstruction. Unlike existing approaches [13, 70, 8, 59, 64] that incorporate
semantic features, our method treats the planar prior generation as a pre-processing stage (see Sec.
3.2), offering a simpler solution.

Plane-guided Initialization: The Gaussian initialization based on SfM relies on feature extraction,
leading to point cloud de�ciency in low-texture regions. We back-project pixels of plane areas
to dense 3D pointsPm as Eq. 4, while obtaining the plane labels of existing Gaussian points by
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projecting them to 2D. For each plane region in each viewpoint, we calculate the average distance of
existing Gaussians, deciding whether to supplement it with dense 3D plane points Pm .

Gaussian Flattening and Depth Rendering: In geometric reconstruction, �attening the Gaussians
into planes enables them to conform more closely to the real-world surfaces, meanwhile producing
less ambiguous depth and normal renderings [4]. Accordingly, we minimize the minimum scale
factorSi = diag(s i ; s2; s3) for each Gaussian [5] and de�ne the minimum scale factor as the normal
of the Gaussiann i . The normal map of the current viewpoint can be rendered through� -blending
with the rotation matrix from the camera to the global world Rc:

L s = jjmin(s 1; s2; s3)jj 1 N̂ =
X

i2N

R T
c n i � i

i�1Y

j=i

(1 � � j ): (7)

For each �attened Gaussian, the plane distancedi to the camera centerOc can be expressed by
projecting the distance of the Gaussian center� i to the normal directionn i . The rendered plane-
distance map̂� is also obtained through �-blending:

di = (R T
c (� i � O c))R T

c n T
i �̂ =

X

i2N

di � i

i�1Y

j=i

(1 � � j ): (8)

Following method [4], we obtain the rendered depth mapD̂ of Gaussians from the rendered plane-
distancê� and normal mapN̂ :

D̂(p) =
�̂(p)

N̂ (p)K �1 ep
; (9)

where p = [u; v]T is the pixel position andep is the homogeneous coordinate of p.

Co-planarity Constraint: To incorporate the holistic planar priors into Gaussian optimization, we
apply the co-planarity constraint on the depth map. We �rst back-project the rendered depth mapD̂
to dense 3D points as Eq. 4. Following methods [61, 22], we de�ne the planepm in the 3D space as
A T

m P = 1 , whereA m is the plane parameter and its direction represents the normal of the plane. As
a result, the dense 3D points within the plane regionpm should follow an equationQn A m = Y m
and Am can be obtained by solving the least squares problem:

A m = (Q T
n Qn + �E) �1 QT

n Ym ; (10)
whereQn = [P 1; P2:::Pn ]T , Yn = [1; 1:::1]T and� is a small scale to ensure numerical stability
with an identity matrix E. Subsequently, we obtain the planar depth map Dp as:

Dp(p) = (A T
m K �1 ep) �1 : (11)

The depthDp obtained from plane �tting is then used as a co-planarity constraint to the rendered
depth. The loss function is de�ned as:

L p =
1

Np

X

p2p

jjD p(p) � D̂(p)jj 1; (12)

wherep represents all plane regions andNp represents the number of pixels in plane regions. Curved
objects and clutter in the scenes are effectively excluded by our planar masks. Since these objects
usually exhibit rich textures and geometric details, their reconstruction is less problematic.

3.4 Geometric Prior Supervision

Previous methods mostly introduce depth priors from monocular depth estimation, which suffer
from local misalignments [67, 14, 24, 25]. We instead utilize the pretrained multi-view foundation
model [50] and provide view-consistent geometric supervision of Gaussian optimization together
with the planar priors.

Prior Depth Constraint: We align the resized dense depth mapDdense obtained from DUSt3R
with the sparse depthD sparse derived by projecting the SfM-reconstructed point cloud to the current
viewpoint. Because of the memory consumption, the depth maps are generated in groups, and each
group shares the same scale and shift parameters.

s� ; t � = arg min
s;t

X

p2D sparse

jjD sparse (p) � (s � D dense (p) + t)jj 1; (13)
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and we utilize the aligned dense depth map as depth prior: Dr = s � � D dense + t � . We leverage the
prior depth as a constraint on the rendered depth:

L rd =
1

N lt

X

p2lt

M cof (p) � jjD r (p) � D̂(p)jj 2; (14)

whereM cof is the mask from the con�dence map of DUSt3R for its depth prediction. Thelt
represents the collection of pixels in low-texture regions, generated by computing a mask through the
Canny edge detector [3] on RGB input to mitigate the effect of depth priors' low resolution.

Prior Normal Constraint: The prior depth constraint serves as a scale-based supervision, while
normal supervision offers greater �exibility in certain scenes and has been widely adopted in recent
studies [4, 6, 12]. Following Eq. 4 and Eq. 6, we can obtain the surface-normal mapN̂ d from the
rendered deptĥD . We constrain the rendered surface-normalN̂ d with the prior surface-normalN dr :

L rn = jjN dr � N̂ d jj1 + (1 � N dr � N̂ d) (p 2 p): (15)
The normal prior is exclusively utilized on the plane regionp we extracted, optimizing the position of
Gaussians together with the co-planarity constraint in Sec. 3.3.

Depth Normal Consistency: Additionally, inspired by works [4, 6, 12], we introduce the depth
normal consistent regularization between rendered GS-normalN̂ and rendered surface-normalN̂ d
to optimize the rotation of Gaussians consistent with their positions:

L dn =
1

N lt

X

p2lt

�jj N̂ d(p) � N̂ (p)jj 1; (16)

where lt is the same as Eq. 14 to avoid edge areas that violate the local plane assumption in Eq. 6.

3.5 Optimization

The overall loss function of PlanarGS that combines planar and geometric supervision is:
L total = L RGB + L s + � 1L dn + � 2L p + � 3L rd + � 4L rn ; (17)

where � are parameters and LRGB includes L1 and D-SSIM loss as 3DGS.

Figure 3: Qualitative comparison. We present reconstructed meshes from other methods and
PlanarGS. The right column shows our colored meshes. The results demonstrate that PlanarGS
achieves more accurate and comprehensive high-�delity mesh reconstruction.
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4 Experiments

We demonstrate the superior performance of PlanarGS on 3D reconstruction of indoor scenes in Sec.
4.1 and conduct ablation studies in Sec. 4.2.

Datasets: Following other works [41, 46] on Gaussian reconstruction in indoor scenes, we conduct
our experimental evaluation on three indoor scene datasets, including 8 scenes from the synthetic
dataset Replica [44] and 9 scenes from the real-world datasets: 4 scenes from ScanNet++ [60] and 5
complex scenes from MuSHRoom [40]. We use COLMAP [42] for all these scenes to generate a
sparse point cloud as initialization.

Implementation Details: All experiments in this paper are conducted on the Nvidia RTX 3090
GPU. The training iterations for all scenes are set to 30,000, and� 1, � 2, � 3, � 4 are set as 0.05, 0.5,
0.05, 0.2, respectively. We use "wall, �oor, door, screen, window, ceiling, table" as prompts for planar
prior generation on Replica and ScanNet++ datasets, as these classes are commonly found in various
indoor environments, and additionally add "blackboard, sofa" on the MuSHRoom dataset.

Evaluation Metrics: Consistent with existing methods [46, 7, 38] to evaluate the quality of
reconstructed surfaces, we report Accuracy (Acc), Completion (Comp), and Chamfer Distance (CD)
in cm. F-score (F1) with a 5cm threshold and Normal Consistency (NC) are reported as percentages.
For novel view synthesis (NVS), we follow standard PSNR, SSIM, and LPIPS metrics for rendered
images.

4.1 Reconstruction Results

We conduct comparisons with the baseline 3DGS [18], and Gaussian surface reconstruction methods
2DGS [15], GOF [63], PGSR [4], QGS [69], DN-Splatter [46]. For 3DGS, we obtain depth maps
by applying alpha-blending integration to the z-coordinates of the Gaussians and generate a mesh
through TSDF. For DN-Splatter, we apply depth priors from the multi-view foundation model that
same as ours.

Quantitative Results: The quantitative comparison on three datasets are presented in Tab. 1 and
Tab. 2. The reconstruction results of our method signi�cantly outperform those of other methods
across benchmarks, while simultaneously ensuring high-quality novel view synthesis in Tab. 1.
Additionally, PlanarGS requires training time within one hour, comparable to other 3DGS-based
methods. We also generate meshes directly from the depth priors provided by DUSt3R using TSDF,
as shown in Tab. 2, to demonstrate the high-�delity advantage of Gaussian splatting methods.

Table 1: Quantitative results of surface reconstruction and NVS on MuSHRoom dataset. Our method
outperforms other methods on most metrics. The best results are marked in bold.

Surface Reconstruction NVS
Acc# Comp# CD# F1" NC" PSNR" SSIM" LPIPS#

3DGS [18] 12.01 11.85 11.92 38.53 62.00 25.79 0.8775 0.2059
2DGS [15] 9.16 10.27 9.71 51.50 73.65 25.67 0.8744 0.2265
GOF [63] 15.65 8.50 12.07 42.57 61.47 24.76 0.8646 0.2189
PGSR [4] 7.52 13.50 10.51 59.11 73.27 25.73 0.8761 0.2250
QGS [69] 8.53 10.02 9.28 55.15 73.66 24.37 0.8624 0.1994

DN-Splatter [46] 6.25 5.29 5.77 61.86 77.13 24.80 0.8549 0.2595
Ours 3.95 5.02 4.49 77.14 83.35 26.42 0.8874 0.2141

Table 2: Quantitative results of surface reconstruction on ScanNet++ and Replica datasets. Our
method outperforms other methods on most metrics. The best results are marked in bold.

ScanNet++ Replica
Acc# Comp# CD# F1" NC" Acc# Comp# CD# F1" NC"

DUSt3R [50] 9.70 6.64 8.17 38.17 75.27 7.52 7.18 7.35 44.89 68.19
3DGS [18] 11.02 10.12 10.57 31.78 77.6512.40 12.75 12.57 41.64 69.83
2DGS [15] 6.89 6.52 6.7 53.46 88.20 9.02 12.05 10.54 52.91 82.28
GOF [63] 7.76 6.42 7.09 57.99 74.75 9.77 8.31 9.04 54.08 74.34
PGSR [4] 7.32 7.13 7.22 53.73 87.30 7.32 9.79 8.56 62.98 83.30

DN-Splatter [46] 4.88 3.44 4.16 75.86 82.06 4.95 6.25 5.60 68.12 80.80
Ours 3.86 3.46 3.66 82.78 90.52 2.80 5.45 4.13 81.90 89.88
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