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Abstract—The reconstruction of indoor scenes is a critical task

for embodied robotics, where accurate perception of geometry is

essential for navigation, scene understanding, and spatial rea-

soning. Although recent 3D Gaussian Splatting (3DGS) methods

show promising results in novel view synthesis, their performance

degrades in textureless regions and complex indoor layouts, re-

sulting in incomplete and noisy reconstructions. In this paper, we

introduce 2DGS-Room, a novel method leveraging 2D Gaussian

Splatting for high-fidelity indoor scene reconstruction. Specifi-

cally, we introduce a seed-guided strategy to control the distri-

bution of 2D Gaussians through dynamic growth and pruning,

while depth and normal priors enhance geometry in both detailed

and low-texture regions. Furthermore, multi-view consistency

constraints improve structural robustness across views. Extensive

experiments demonstrate that our method achieves state-of-the-

art performance in indoor scene reconstruction. Project page:

https://valentina-zhang.github.io/2DGS-Room/.
Index Terms—Indoor Scene Reconstruction, 2D Gaussian

Splatting, Embodied Robotics.

I. INTRODUCTION

3D reconstruction from multi-view RGB images is a fun-
damental task in computer vision and computer graphics,
with applications in areas such as virtual reality, autonomous
driving, and robotics. It plays a crucial role in bridging the
gap between simulated environments and real-world scenarios
[1], [2]. However, reconstructing indoor scenes presents unique
challenges due to the complexity of these environments, which
often contain large textureless regions.

MVS-based methods [3], [4] often produce incomplete or
distorted reconstructions in indoor scenes due to geometric
ambiguities caused by textureless regions. Neural radiance
field approaches [5]–[8] mitigate this issue by modeling scenes
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with signed distance fields (SDFs), enabling accurate and
complete mesh recovery through the continuity of neural
SDFs and the integration of monocular geometric priors
[6]. However, their reliance on dense ray sampling leads
to high computational costs and long optimization times.
3D Gaussian Splatting (3DGS) [9] improves rendering and
optimization efficiency via differentiable rasterization, opening
new opportunities for efficient reconstruction. Building on
this idea, 2DGS [10] employs planar 2D Gaussians to better
capture scene surfaces, significantly enhancing reconstruction
quality. Despite these advances, existing Gaussian-splatting-
based methods still suffer from floating artifacts and missing
structures in indoor environments, primarily due to the absence
of structured geometric constraints.

In this work, we propose 2DGS-Room, a novel frame-
work for high-fidelity indoor scene reconstruction based on
2D Gaussian Splatting. Considering the scene’s underlying
structure, we design a seed-guided mechanism to control the
distribution and density of 2D Gaussians. It consists of a
seed-guided initialization that aligns Gaussians with scene
surfaces for improved geometric accuracy, and a seed-guided
optimization strategy that dynamically adjusts seed density via
gradient-guided growth and contribution-based pruning, en-
abling efficient modeling of fine details. We further incorporate
monocular depth and normal priors as geometric constraints.
The depth prior corrects distortions in detailed regions, while
the normal prior enhances surface estimation in textureless ar-
eas. Finally, we introduce multi-view geometric and photomet-
ric consistency constraints to suppress residual artifacts across
views. Extensive qualitative and quantitative experiments show
that compared with Gaussian-based methods, 2DGS-Room
achieves start-of-the-art performance in indoor scenarios.
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Fig. 1: Overview of 2DGS-Room. Given multi-view posed images, we improve 2DGS to achieve high-fidelity geometric reconstruction for
indoor scenes.

In summary, our contributions are as follows:

• We propose 2DGS-Room, a novel method for indoor
scene reconstruction based on 2DGS, which leverages the
seed points maintaining the scene structure to guide the
distribution and density of 2D Gaussians.

• We introduce monocular depth and normal priors to
provide geometric cues, improving the reconstruction of
detailed areas and textureless regions, respectively.

• We employ multi-view constraints incorporating geomet-
ric and photometric consistency to further enhance the
reconstruction quality.

• Our method achieves high-quality surface reconstruction
for indoor scenes. Extensive experiments on indoor scene
datasets show that our method achieves state-of-the-art in
multiple evaluation metrics.

II. RELATED WORK

A. Multi-View Stereo

Multi-view stereo (MVS) methods [3] reconstruct 3D scenes
by estimating pixel depths via feature matching across posed
images, followed by Poisson surface reconstruction. In indoor
scenes, particularly in large texture-less regions, they struggle
due to insufficient visual features. Voxel-based approaches
[11] avoid feature matching by optimizing occupancy and
color in a voxel grid, but suffer from memory limitations at
high resolutions. Learning-based MVS methods [4] implicitly
match multi-view features with neural networks for end-to-end
reconstruction, yet still fail under occlusions, complex lighting,
or low-texture conditions despite large-scale training.

B. Neural Radiance Field

Neural Radiance Fields (NeRF) [12] employs a multi-
layer perceptron (MLP) to model a continuous volumetric
function of density and color, enabling novel view synthesis
through volume rendering. Methods such as Mip-NeRF [13]
enhance rendering quality by improving the ray sampling
strategy. Depth regularization [14] and smoothness constraints
[15] improve rendering efficiency and quality, while multi-
view consistency regularization aids sparse-view synthesis
[16]. Alternative implicit functions, including occupancy grids
[17] and signed distance functions (SDFs) [18], [19], replace
NeRF’s density field for better geometric reconstruction. To
further enhance reconstruction quality, [20] suggests regular-
izing optimization with SfM points, while [6], [21] incorporate
priors like the Manhattan world assumption and pseudo depth
supervision. However, these approaches often lead to incom-
plete reconstructions and require extensive optimization time.

C. Gaussian Splatting

3D Gaussian Splatting (3DGS) [9] represents 3D scenes
with learnable Gaussian primitives, enabling high-quality
novel view synthesis with fast training and rendering. Ini-
tialized from sparse SfM point clouds [22], it optimizes only
with image loss, leading to unstructured Gaussian distributions
and poor geometric fidelity. Subsequent works such as DN-
Splatter [23], GaussianRoom [24], and GSDF [25] incorporate
geometric priors or SDF supervision to improve geometry.
SuGaR [26], PGSR [27], and RaDe-GS [28] adopt flattened
Gaussians to enhance surface reconstruction. 2DGS [10] fur-
ther simplifies the representation by using planar Gaussians,
achieving improved geometry, but still suffers in indoor scenes



due to the lack of geometric constraints. Scaffold-GS [29]
introduces structural guidance for better rendering, but remains
limited in geometric accuracy.

III. PRELIMINARY

2DGS [10] models scenes using 2D elliptical Gaussians
(surfels) instead of 3D volumetric ones. Each 2D Gaussian
is defined in a local tangent plane by a center pk, two orthog-
onal tangential vectors tu, tv , and scaling factors (su, sv).
The normal is tw = tu → tv , forming a rotation matrix
R = [tu, tv, tw] and a scaling matrix S = diag(su, sv, 0).
Then a 2D Gaussian can be parameterized:

P (u, v) = pk + sutuu+ svtvv = H(u, v, 1, 1), (1)

with the homogeneous transformation matrix:

H =

[
sutu svtv 0 pk

0 0 0 1

]
=

[
RS pk

0 1

]
. (2)

In the local (u, v) space, the Gaussian function is:

G(u) = exp

(
↑u

2 + v
2

2

)
. (3)

For efficient rendering, each 2D Gaussian is projected onto
the image plane using the world-to-screen matrix W:

x = (xy, yz, z, z)→ = WH(u, v, 1, 1)→, (4)

where x is the projected point in screen space.
To improve numerical stability, ray-splat intersections are

computed via three-plane intersections. Given an image coor-
dinate x = (x, y), the ray of a pixel can be defined by the
intersection of two homogeneous planes:

hx = (↑1, 0, 0, x), hy = (0,↑1, 0, y), (5)

which are transformed to the Gaussian’s tangent frame:

hu = (WH)→hx, hv = (WH)→hy. (6)

The intersection point (u(x), v(x)) is then computed as:
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h
2
uh
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uh
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v

. (7)

IV. METHOD

Given multi-view posed images, our goal is to optimize
2DGS [10] to accurately reconstruct the geometry of indoor
scenes. To this end, we first propose a seed-guided mechanism
that uses seed points to control the distribution and density of
2D Gaussians, improving both accuracy and efficiency (Sec.
IV-A). To further enhance geometric fidelity, we incorporate
depth and normal priors to better represent detailed and
textureless regions, respectively (Sec. IV-B). Finally, to reduce
floating artifacts from lighting variations, we introduce multi-
view consistency constraints (Sec. IV-C). An overview of the
framework is shown in Fig. 1.

A. Seed Points Guidance
Existing methods [9], [10] tend to optimize Gaussians

relying on each training view, ignoring the underlying structure

(a) 3DGS (b) 2DGS (c) Ours
Fig. 2: Ground truth scene surface and Gaussian primitives distribu-
tion.

of the scene. As illustrated in Fig. 2 (a) and (b), the Gaussian
primitives fail to align with the surfaces. To overcome this
limitation, we propose a seed-guided mechanism to control
the distribution of 2D Gaussians.
Seed-Guided Initialization. Starting from an SfM-derived
point cloud P ↓ RM↑3, we apply voxelization to generate
a set of seed points V ↓ RN↑3 by selecting the center points
of each voxel grid to represent the seed points:

V =

{⌊
P

ω

⌋
· ω
}
, (8)

where ω denotes the voxel size. Each seed point v ↓ V serves
as the anchor for generating multiple 2D Gaussians whose
positions are determined by learnable offsets. This initializa-
tion promotes a geometry-aware distribution of Gaussians and
improves reconstruction robustness.

For each seed point v ↓ V, we initialize a set of k Gaussians
Gi,j , where the position of each Gaussian is defined by:

pi,j = vi +Oi,j , (9)

with pi,j ↓ R3 denoting the global Gaussian position and
Oi,j ↓ R3 being a learnable offset optimized during training
to align Gaussians with local geometry.

Each 2D Gaussian is further parameterized by scaling
s ↓ R2, rotation t ↓ R2, color c ↓ R3, and opacity ε ↓ R.
At initialization, scaling and rotation are estimated from local
geometry derived from the point cloud, providing a spatially
consistent starting point. All parameters are subsequently
refined through optimization to achieve accurate alignment and
representation.
Seed-Guided Optimization. To adaptively capture varying
levels of detail in indoor scenes, we dynamically adjust the
density of seed points via a combination of gradient-guided
growth and contribution-based pruning.

We employ a gradient-guided growth strategy to densify
seeds in structurally complex regions. For each voxel, we
compute the average gradient ↔v of 2D Gaussians over Ng

iterations. When ↔v exceeds a threshold ϑg , new seeds are
introduced. This process operates within a multi-resolution
voxel structure using adaptive thresholds, ensuring higher seed
density in detail-rich areas.

Moreover, we implement contribution-based pruning to
remove low-impact seeds. For each seed, We calculate the
cumulative opacity εv of connected 2D Gaussians over Nω

iterations. If εv falls below ϑω, the seed is pruned due to its



negligible contribution. This allocates Gaussians to structurally
significant regions, optimizing both computational efficiency
and reconstruction quality.

B. Monocular Cues Supervision
While the control of seed points enhances the structural

consistency of the scene, it remains insufficient for achieving
highly accurate geometry, particularly in detailed or textureless
regions which are common in indoor environments. Therefore,
we incorporate depth and surface normal priors, providing geo-
metric constraints to further improve the scene reconstruction.
Monocular Depth Supervision. To enhance spatial alignment,
we supervise the rendered depth D̂ using reference depths D
predicted by a pre-trained model [30], via a scale-and-shift-
invariant loss. Optimal scale s and shift t are computed to
align D̂ with D, producing D̂aligned = s · D̂ + t. The depth
loss Ld includes an MSE term between D̂aligned and D, and a
gradient regularization term Lgrad for local smoothness:

Ld =
1

|Vd|
∑

↗D̂aligned ↑D↗2 + ϖgrad · Lgrad, (10)

where |Vd| denotes the number of valid pixels.

Monocular Normal Supervision. To improve reconstruction
in textureless or geometrically regular regions (e.g., walls and
floors), we impose normal supervision using predicted surface
normals N̂ from a pre-trained model [33]. Let N denote the
rendered normals. We formulate two objectives.

First, an L1 loss minimizes the per-pixel difference between
N and N̂ :

L1 =
1

|Vn|
∑∣∣∣N ↑ N̂

∣∣∣ , (11)

where |Vn| is the number of valid pixels.
Second, to enforce angular alignment, we adopt a cosine

similarity loss that penalizes deviations in orientation:

Lcos =
1

|Vn|
∑

(
1↑ N · N̂

|N | · |N̂ |

)
. (12)

C. Multi-View Consistency Constraints
While the strategies above substantially improve recon-

struction accuracy, small floaters may still persist due to
lighting variations and subtle structures common in indoor
scenes. To further refine the geometry, we introduce multi-
view consistency constraints that reduce view-dependent in-

consistencies. As illustrated in Fig. 1, for a reference view Vr,
we select a neighboring view Vn and enforce both geometric
and photometric consistency.
Geometric Consistency. We define a pixel-wise geometric
loss that penalizes inconsistencies in forward and backward
projections between views. Specifically, the homography Hrn

that maps a homogeneous pixel coordinate p̃r in the reference
view Vr to the neighboring view Vn is defined as:

Hrn = Kn

(
Rrn ↑ Trnn→

r

dr

)
K

↓1
r , (13)

where Kr and Kn are the intrinsic matrices, Rrn and Trn

denote the relative pose from Vr to Vn, and nr, dr are the
surface normal and depth at pr.

The consistency is enforced by projecting p̃r to Vn via Hrn,
then back to Vr via Hnr. The geometric loss is:

Lgeo =
1

|Ve|
∑

pr↔Ve

↗p̃r ↑HnrHrnp̃r↗2 , (14)

where Ve is the set of valid pixels with reliable projections.
Photometric Consistency Constraint. To account for local
texture and illumination variations, we also enforce photo-
metric consistency using normalized cross-correlation (NCC)
[34], which measures similarity between image patches across
views. Specifically, we convert color images to grayscale, and
define the photometric loss as:

Lpho =
1

|Ve|
∑

pr↔Ve

(1↑ NCC(Pr(p̃r), Pn(Hrnp̃r))) , (15)

where Pr and Pn denote grayscale patches centered at p̃r in
the reference and neighboring views, respectively, and Hrn is
the homography from Vr to Vn.

Finally, the multi-view consistency loss Lmv is given by:

Lmv = ϖgeoLgeo + ϖphoLpho. (16)

D. Optimization

In summary, with Lrgb representing the photometric su-
pervision that minimizes the difference between rendered and
input images proposed in the original 2DGS, our final training
loss L is given by:

L = Lrgb + ϖd · Ld + ϖn · Ln + Lmv. (17)

TABLE I: Quantitative reconstruction comparison on ScanNet and ScanNet++ dataset.

ScanNet [31] ScanNet++ [32]Method Acc. ↓ Comp. ↓ Prec. ↑ Recall ↑ F-score ↑ Acc. ↓ Comp. ↓ Prec. ↑ Recall ↑ F-score ↑
NeuS [18] 0.105 0.124 0.448 0.378 0.409 0.160 0.224 0.294 0.221 0.251
Neuralangelo [19] 0.185 0.223 0.252 0.260 0.255 0.363 0.264 0.172 0.120 0.141
3DGS [9] 0.338 0.406 0.129 0.067 0.085 0.144 0.990 0.322 0.066 0.104
SuGaR [26] 0.167 0.148 0.361 0.373 0.366 0.158 0.178 0.383 0.349 0.361
2DGS [10] 0.157 0.151 0.336 0.347 0.341 0.359 0.228 0.230 0.160 0.183
PGSR [27] 0.125 0.117 0.420 0.433 0.426 0.204 0.202 0.353 0.217 0.249
RaDe-GS [28] 0.167 0.205 0.309 0.307 0.306 0.284 0.252 0.171 0.179 0.166
2DGS-Room (Ours) 0.055 0.092 0.648 0.518 0.575 0.262 0.112 0.450 0.498 0.464



V. EXPERIMENTS

A. Experimental Setup

Dataset. We evaluate the performance of our approach on
reconstruction quality across 12 real-world indoor scenes
randomly selected from publicly available datasets: 8 scenes
from ScanNet(V2) [31] and 4 scenes from ScanNet++ [32].

Implementation Details. Our training strategy and hyperpa-
rameters are consistent with the baseline 2DGS method. We
set ϖgeo = 0.05, ϖpho = 0.2, ϖd = ϖn = 1.0. We render depth
maps for all training views and then adopt TSDF fusion [35]
for mesh extraction. We train all models for 30k iterations. All
experiments are conducted on an NVIDIA RTX 4090 GPU.

Metrics. Consistent with existing methods [5], [6], five metrics

NeuS SuGaR RaDe-GS PGSR 2DGS Ours GT
Fig. 3: Qualitative reconstruction comparisons. For each scene, the first row is the top view of the whole room, and the second row is the
details of the masked region.



are employed to evaluate the quality of reconstructed meshes:
Accuracy, Completion, Precision, Recall, and F-score.
Baselines. We compare our approach with several state-of-
the-art methods, covering both neural volume rendering and
Gaussian splatting techniques. The baselines include (1) Neu-
ral volume rendering methods: NeuS [18] and NeuralAngelo
[19]; (2) Gaussian splatting methods: 3DGS [9], SuGaR [26],
RaDe-GS [28], PGSR [27], and 2DGS [10].

B. Results Analysis
Qualitative Results. To show the visualized reconstruction
results of our method, we compare our 2DGS-Room with
different reconstruction methods and the ground truth. As
shown in Figure 3, the overall quality of our reconstructions is
noticeably higher. In comparison with Gaussian-based meth-
ods, our method obtains a more visually coherent and accurate
representation of the indoor scenes, with well-defined surfaces
and consistent details across different views.
Quantitative Results. Quantitative results are presented in
Table I, showing a comprehensive comparison in geometry
metrics on indoor scene datasets. On the ScanNet dataset, our
method achieves the best results in all metrics. Compared to
NeRF-based methods [18], [19] which typically require over
20 hours to train a scene, our method significantly reduces
training time, being approximately 30 times faster.

C. Ablation Studies
To assess the individual contributions of each component

in our model, we perform ablation studies on the ScanNet
dataset. The qualitative results are shown in Figure 4 and Table
II reports the quantitative results.
Seed Points Guidance. Without guidance, scenes lack struc-
ture and appear inflated. Adding seed points enables our
method to better capture the underlying geometric framework,
boosting the F-score by 87.3%.
Monocular Depth. Removing depth supervision causes spatial
misalignment. Incorporating it significantly enhances geomet-
ric accuracy, increasing the F-score by 31.3%.

Fig. 4: Qualitative results of ablation study.

TABLE II: Results of the ablation study on ScanNet dataset.

Method Acc.↓ Comp.↓ Prec.↑ Recall↑ F-score↑
w/o Seed 0.128 0.152 0.336 0.284 0.307
w/o Depth 0.084 0.139 0.510 0.386 0.438
w/o Normal 0.066 0.102 0.596 0.463 0.520
w/o MV 0.055 0.092 0.644 0.508 0.566
Full model 0.055 0.092 0.648 0.518 0.575

Monocular Normal. Lack of normal priors leads to inconsis-
tent planar surfaces (e.g., walls). Adding supervision improves
surface alignment, increasing the F-score by 10.6%.
Multi-View Consistency. Without this constraint, Gaussians
fail to align spatially. This module mitigates view-dependent
inconsistencies and further refines reconstruction quality.

VI. CONCLUSION

We propose 2DGS-Room, a novel framework for indoor
scene reconstruction based on 2D Gaussian Splatting. Our
method introduces a seed-guided optimization strategy that
leverages structural information to direct local Gaussian dis-
tributions. By integrating geometric priors and multi-view
consistency, we significantly enhance reconstruction quality in
textureless regions and complex details while mitigating view-
dependent artifacts. Extensive experiments demonstrate that
our method outperforms existing techniques across multiple
metrics and diverse indoor scenes.
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