
TopoGS: Planar Reconstruction via
Topology-aware 3D Gaussian Splatting

Shanshan Pan1 , Jiale Chen1 , Yilin Liu2 , and Hui Huang1⋆

1 Guangdong Provincial Key Laboratory of Visual Media and Multidimensional
Intelligence, CSSE, Shenzhen University, China

2 Autodesk Research, UK

Abstract. Extracting structured, parametric 3D representations from
raw images remains a fundamental challenge in computer vision and
graphics. While recent advancements in the 3D Gaussian Splatting (3DGS)
pipeline integrate planar primitives to yield compact and editable geom-
etry, these approaches typically treat planes as isolated, discrete sets.
This lack of topological connectivity hinders robust geometric reasoning,
leading to fragmented reconstructions and misaligned boundaries that
fall short of the precision for rigorous spatial analysis and professional
design workflows. To address this, we introduce TopoGS, the first 3DGS
framework to explicitly integrate both planar and topological constraints
for coherent 3D reconstruction. Specifically, we extract global 2D topo-
logical relationships from multi-view image segmentations and anchor
Gaussian primitives to these structural elements. This formulation en-
ables the joint optimization of plane parameters, rendering fidelity, and
topological adjacency. By enforcing strict multi-view consistency along-
side these topological constraints, our method significantly mitigates ge-
ometric misalignments and produces connected, structured 3D models.
Extensive evaluations on the ScanNet++ dataset demonstrate that To-
poGS achieves state-of-the-art performance, providing a highly robust
solution for generating accurate, topologically sound, and visually faith-
ful scene representations.

Keywords: Scene reconstruction · planar reconstruction · 3D Gaussian
Splatting · topological constraints

1 Introduction

The creation of high-fidelity, editable 3D representations from raw multi-view
images is a cornerstone problem in computer vision and computer graphics.
For man-made environments and architectural spaces, the ideal abstraction is
a structured planar model, a mathematically compact and interconnected rep-
resentation explicitly defined by a set of parametric planes, alongside their in-
tersecting lines and corner vertices. However, extracting this pristine structural
information directly from unstructured image collections remains exceptionally
⋆ Corresponding author
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Fig. 1: Motivation of TopoGS. Existing methods show noticeable artifacts in plane
intersection projections and depth error maps. In contrast, our TopoGS recovers precise
plane boundaries and lower depth errors. This demonstrates that introducing topology
constraints acts as a crucial regularizer, providing vital guidance for refining geometric
accuracy and effectively suppressing noise in complex scenes. (In the error maps, blue
indicates lower error while red signifies higher error.)

challenging. Traditional reconstruction pipelines typically recover scene geome-
try as unorganized point sets or isolated surface fragments, treating scene ele-
ments as discrete entities. Consequently, the critical topological connectivity, de-
noting the explicit awareness of how these planes intersect, abut, or share bound-
aries, is frequently lost in the reconstruction process. This fundamental lack of
structural awareness hinders robust geometric reasoning, inevitably producing
fragmented models and misaligned boundaries that fall short of the precision
required for downstream applications such as animation production, robotics,
physical simulation, 3D printing, and AR/VR.

Historically, efforts to bridge this structural gap and recover coherent planar
models have predominantly relied on a decoupled, two-stage Multi-View Stereo
(MVS) pipeline [14] [29] [16] [1] [7]. In the first stage, these methods process
multi-view source images to obtain a dense intermediate point cloud. In the sec-
ond stage, they detect primitive planes from this point cloud and employ complex
spatial partitioning to construct a cohesive structural representation. However,
the efficacy of this algorithm is fundamentally bottlenecked by the quality of
the intermediate geometry. This vulnerability is especially pronounced in indoor
scenes, where textureless walls, reflective surfaces, and varying illumination fre-
quently cause both traditional and learning-based MVS techniques to produce
noisy, outlier-ridden, or incomplete point clouds. Consequently, the subsequent
plane detection becomes highly inaccurate, leading to the omission of critical
structural details. Because the final structuring phase relies entirely on this
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flawed intermediate representation, it fails to explicitly leverage the rich pho-
tometric cues and multi-view consistency present in the raw images, inevitably
accumulating severe errors.

To bypass the limitations of intermediate point clouds, recent frameworks
increasingly optimize scene representations directly from multi-view images [26]
[30] [32] [3] [9] [15]. Notably, 3D Gaussian Splatting (3DGS) [10] has emerged as
a highly efficient rendering paradigm. By integrating 3DGS with foundation vi-
sion models, recent approaches [21] [6] [32] leverage data-driven monocular priors
(e.g., depth, normals, and semantics) to directly recover planar primitives during
the optimization. While these 2D cues significantly improve geometric perception
in challenging regions, current 3DGS-based methods still fail to achieve the req-
uisite structural awareness. By continuing to treat recovered planes as isolated,
independent entities, they remain completely devoid of topological connectivity.
However, physical environments are governed by strict structural dependencies,
such as the intersecting corners of adjacent walls or the contact boundaries be-
tween furniture and floors. We contend that explicitly integrating these topo-
logical relationships as vital geometric constraints, rather than relegating them
to optional post-processing, can effectively guide the 3DGS optimization land-
scape, enforce global structural coherence, and dramatically enhance robustness
against noise (see Fig. 1).

To this end, we introduce TopoGS, a novel 3DGS framework designed to re-
construct explicitly connected, structured planar models. Our pipeline begins at
the image level, extracting 2D region segmentations and constructing their corre-
sponding adjacency graphs directly from the multi-view source images. However,
naively lifting these 2D relationships into 3D is fraught with error. Because of
perspective occlusions and depth discontinuities, regions that appear adjacent
or overlapping in a 2D projection are often mistakenly identified as physically
intersecting in 3D. To systematically distill these ambiguous 2D observations
into verified 3D topology, we anchor our Gaussian primitives to the segmented
regions. By embedding these anchored primitives within the 3DGS optimization
loop, we enforce a tri-consistency constraint, integrating photometric, geometric,
and topological facets, to jointly refine appearance, scene geometry and plane
parameters. This optimization acts as a natural filter, disambiguating genuine
physical connections from spurious, view-dependent adjacencies. Finally, we ac-
tively enforce these verified 3D adjacencies to assemble the optimized primitives
into a globally consistent, structured 3D representation.

Our main contributions are summarized as follows:

– We introduce a novel 3DGS-based framework that integrates geometry and
topology constraints to recover consistent plane geometry and topology.

– We propose a method to extract connected structured planar models by
leveraging optimized, reliable 3D adjacent relationships.

– Our approach achieves state-of-the-art performance on high-fidelity planar
reconstruction tasks within the ScanNet++ dataset.
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2 Related Work

2.1 Two-Stage Plane Reconstruction

Traditional approaches for recovering structured planar models typically rely on
a decoupled, two-stage paradigm: i) front-end geometry reconstruction to obtain
a dense representation (e.g., a point cloud or mesh), followed by ii) back-end
plane detection and spatial partitioning to assemble the final structured model.

The primary target of the first stage is to extract raw, dense scene geome-
try from multi-view source images. Early methods relied on Multi-View Stereo
(MVS) [2] [14] [29] [16] [18], which achieves high precision in textured areas but
often fails in featureless indoor environments. To mitigate this, neural representa-
tions like NeRF and 3DGS incorporate geometric constraints, such as normal reg-
ularization and planar priors to enhance surface quality. For instance, PGSR [3]
introduces multi-view consistency, while IndoorGS [15] incorporates line and
plane priors to bolster indoor reconstruction capabilities. PlanarGS [9] further
leverages language-prompt planar priors to provide more reliable geometric guid-
ance. However, these per-scene optimization methods entail heavy computational
overhead. Consequently, recent feed-forward approaches [27] [28] [12] [23] [24]
leverage Transformer-based attention for cross-view alignment, providing robust
geometric priors without iterative optimization.

In the second stage, the target shifts to extracting and structuring semantic
primitives from this intermediate geometry. This process typically begins with
plane detection via point clustering (e.g., RANSAC [17] or region growing [22])
followed by spatial partitioning (e.g., kinetic or binary partitioning [1] [4] [7]).
Despite improvements in front-end geometry, this two-stage workflow suffers
from unidirectional error propagation: front-end noise directly misleads back-
end plane fitting. Moreover, the plane assembly process cannot back-propagate
to refine the front-end geometry, and the rich information in raw images is largely
ignored during the second stage, limiting the fidelity of the final planar model.

2.2 Plane Reconstruction from Images

Distinct from two-stage methods, end-to-end planar reconstruction aims to gen-
erate plane geometry directly from multiple views. Early research [26] [19] fo-
cused on using deep networks to predict planar parameters in voxel space or
at the pixel level. With the rise of neural rendering, focus has shifted toward
integrating planar primitives into the rendering pipelines of NeRF or 3DGS. For
example, NeuralPlane [30] jointly optimizes plane geometry and NeRF represen-
tations. PlanarSplatting [21] mimics the alpha-blending capability of 3DGS by
proposing plane primitives to replace traditional Gaussian primitives. Similarly,
PGS [32] leverages 3D Gaussian primitives for scene modeling but introduces
a hierarchical, tree-structured Gaussian Mixture Model (GMM) to group adja-
cent Gaussian primitives into cohesive planar instances, thereby mitigating the
issue of plane over-segmentation. Moreover, GSPlane [6] and GSFlats [20] repre-
sent scenes as a hybrid of planes and triangles, categorizing Gaussian primitives



TopoGS 5

Gaussians

 

 

 

  

 

... ...

2D shared boundary
Pl

an
e

n

Init planes

or
m

al

Pl
an

e
de

pt
h

3D intersection projection
TopologGeometry loss y loss Output

Final intersection p

Final model

rojection

 Input 2D planar regions images

R
en

de
re

d 
de

pt
h

R
en

de
re

d 
no

rm
al

Fig. 2: Overview of TopoGS. (1) Initialization: 2D plane regions are extracted
from input images and back-projected into 3D space. (2) Joint optimization: Plane
parameters are refined within the 3DGS-based framework, supervised by our proposed
geometry and topology losses. (3) Structural assembly: The optimized primitives are
integrated into a structured planar model, characterized by topologically consistent and
accurate intersection boundaries between adjacent planes.

into planar and non-planar types to adaptively model scenes with both flat and
curved surfaces.

While these end-to-end methods successfully enhance local surface smooth-
ness through geometric regularization, they fundamentally treat each plane as
an isolated geometric entity. Lacking a global topological graph to explicitly con-
strain spatial intersections, these approaches often produce misaligned bound-
aries and fragmented planar shapes, especially under severe occlusion or high
noise. Consequently, collaboratively optimizing low-level geometric priors with
high-level topological constraints within a unified neural rendering framework
remains a critical, unresolved challenge.

3 Method

Given a set of images with camera poses, our goal is to recover the underlying
scene structure represented by a connected plane model. We propose TopoGS, a
3DGS-based framework designed to reconstruct a structured model consisting of
a set of vertices V ⊂ R3, a set of intersection edges E = {(vi, vj) | vi, vj ∈ V}, and
a set of bounded planes P = {(πk, Ek) | Ek ⊂ E}, where πk = (nk, dk) ∈ R4 rep-
resents the plane parameters and Ek denotes the index of the bounding edges.
As illustrated in Fig. 2, our method comprises three primary stages: (1) Ini-
tialization, which extracts plane primitives and their corresponding image-space
adjacencies; (2) Joint optimization, which simultaneously refines appearance,
scene geometry and plane parameters; and (3) Structural assembly, which con-
verts the optimized primitives into a globally consistent, structured planar model
by filtering out false-positive adjacencies.
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3.1 Geometry & Topology Initialization

Given a set of images {Ik} and camera poses {Tk}, this section aims to recover:
i) for each image Ik, a set of 2D planar regions {Sk} and their corresponding
plane parameters {πi}; and ii) a 2D adjacency matrix A2D that encodes the
topological relationships between these regions. These initializations serve as the
geometric and topological constraints for subsequent optimization. Following the
practices of PlanarSplatting [21], we leverage a pre-trained Metric3D model [8]
to predict single-view depth maps Dpred and normal maps Npred to assist in the
initialization.

Hierarchical Segmentation. To ensure that segmentation boundaries align with
both semantic logic and geometric consistency, we adopt a two-stage strategy.
First, we use the Segment Anything Model (SAM) [11] to obtain initial seman-
tic masks Msem for each image. These masks provide high-fidelity structural
boundaries, effectively delineating critical geometric features such as wall-to-
wall junctions. Since a single semantic entity may consist of multiple geometric
planes, we further perform Mean-shift clustering [5] within each masked region
based on the predicted normal map Npred. This subdivides the masks into a set
of planar regions {Sk} for each image, where we preserves the precise edges of
SAM while capturing geometric transitions.

World-Space Plane Fitting. To lift 2D planar regions into 3D space, we fit plane
parameters πi for each planar region si ∈ S using the predicted depth maps
Dpred. Specifically, for a pixel p ∈ si with homogeneous coordinates up, its 3D
position Xp in the world coordinate system is back-projected via:

Xp = Rk

(
Dpred(p) ·K−1up

)
+ tk, (1)

where Tk = [Rk|tk] denotes the camera pose (Camera-to-world matrix) and K
is the intrinsic matrix of the camera. We then employ the RANSAC method [17]
to estimate the plane parameters from these points.

Adjacency Construction. The initial adjacency graph A2D inevitably contains
spurious connections, such as curved boundaries or segmentation noise. These
invalid candidates, which inherently violate the linearity assumption of planar
intersections, can be filtered out first to support subsequent optimization. For a
pair of adjacent regions (si, sj), we extract their shared boundary pixels Bij and
try to fit a straight line to these pixels. Adjacencies with significant non-linear
residuals or insufficient contact length are discarded as they fail to represent
valid 3D intersection lines.

The final output includes 2D planar regions {Sk} and a refined 2D adjacency
graph A2D. Unlike NeuralPlane [30], our initialization offers: (1) Topological
completeness: better 2D adjacency identification via complete segmentation; (2)
Boundary accuracy: preservation of sharp SAM edges within the normal-based
subdivision; and (3) Robustness: enhanced plane recovery in textureless regions
by utilizing predicted depth instead of noisy SFM points.
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3.2 Joint Optimization

Directly merging initial plane primitives often fails to yield a coherent scene
representation, as it is highly susceptible to multi-view inconsistencies (see Fig. 2,
"Init planes"). To address this, we propose an explicit optimization framework
built upon 3D Gaussian Splatting (3DGS) to jointly refine both the geometry
and topology of the planes.

Plane-Anchored Gaussian Initialization. To facilitate differentiable rendering,
we anchor Gaussian primitives to 2D planar regions {Sk}. For each view Ik,
pixels are sampled on a uniform grid with a stride of (H/4,W/4). For each
sampled pixel p, we recover its 3D position Xp via back-projection using Eq. 1.
These 3D coordinates serve as the initial means for the Gaussians, while other
attributes are initialized following standard 3DGS protocols.

Loss Functions. We optimize the scene via differentiable Gaussian splatting to
synthesize the rendered color Ĉ, depth D̂, and normal N̂. In addition to the
standard photometric loss Lrgb and the scale loss Lscale proposed in PGSR [3],
we introduce two additional key constraints to regularize the optimization.

(1) Geometry Loss (Lgeo): To ensure that the 3DGS-rendered geometry re-
mains consistent with the parametric planes, we minimize the discrepancy be-
tween the rendered depth D̂(p) and the computed plane depth Dπ(p), similarly
to that between the rendered normal N̂(p) and the plane normal Nπ(p). We
define the plane depth Dπ(p) as the orthogonal distance (Z-depth) from the
camera center to the intersection point of the ray and the plane. The geometry
loss is then formulated as:

Lgeo =
∑
p∈Ik

λ1

(
|D̂(p)−Dπ(p)|1

)
+ λ2

(
|N̂(p)−Nπ(p)|1

)
, (2)

where λ1 and λ2 are weighting factors.
(2) Topology Loss (Ltopo): To enforce physical closure and structural con-

sistency between two adjacent planes (si, sj), we introduce a topology loss that
constrains the projected 3D intersection lines to align with the observed shared
boundaries Bij in the 2D pixel space. For any pair of adjacent regions (si, sj) ∈
A2D with corresponding planes πi = (ni, di) and πj = (nj , dj), their 3D in-
tersection line Lij is analytically determined by the system of linear equations:

ni ·X+ di = 0,nj ·X+ dj = 0. (3)

We represent Lij by two 3D points {X0, X1} and project them onto the image
using the camera intrinsic matrix K and extrinsic parameters [R|t] to obtain
the 2D projected line lij defined by points {x0, x1}. The topology loss is defined
as the weighted sum of the mean distances across all adjacent pairs:

Ltopo =
∑

(si,sj)∈A2D

wij · µij , (4)
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where µij =
1

|Bij |
∑

p∈Bij
d(p, lij), representing the mean Euclidean distance from

all pixels p within Bij to the ideal line lij defined by the vertex pair (x0, x1).
Notably, 2D adjacencies A2D extracted from segmentations are often "spu-

rious", as they may be caused by perspective occlusions or depth discontinuities
rather than true physical contact in 3D. To prevent these misleading 2D ob-
servations from degrading the 3D geometry, we introduce an uncertainty-aware
weighting mechanism wij :

wij = exp

(
−
µij + σ2

ij

τ

)
, (5)

where σ2
ij is the variance of the distances d(p, lij) for pixels in Bij , and τ is a

temperature hyperparameter (set to 50.0). The intuition behind this design is
two-fold: i) filtering spurious adjacencies: if two regions are adjacent in 2D but far
apart in 3D (high µij), or if their shared boundary is geometrically inconsistent
with a single straight line (high σ2

ij), the weight wij decays exponentially and ii)
self-driven disambiguation: this allows the optimization loop to act as a natural
filter. It prioritizes the refinement of "genuine" physical connections where the
2D pixels already show a strong consensus with the 3D plane intersection, while
effectively ignoring view-dependent occlusions that cannot be reconciled with
the 3D topology.

Optimization Schedule. We employ a staged strategy to move from coarse ge-
ometry to refined topology:

– Stage 1: Coarse optimization (0–4k iterations): Optimize Lrgb, Lscale, and
Lgeo to establish a stable geometric foundation.

– Stage 2: Fine optimization (4k–6k iterations): Introduce Ltopo to "snap"
adjacent planes together and resolve structural ambiguities.

– Adaptive Plane Control: Every 2,000 iterations, we perform two plane opera-
tions: merging (combining planes with similar normals/offsets and overlaps)
and pruning (removing low-confidence planes) to maintain a compact repre-
sentation.

The objective function transitions as follows:

L =

{
λ1Lrgb + λ2Lscale + λ3Lgeo t < 4000,

LStage1 + λ4Ltopo t ≥ 4000.
(6)

3.3 Structural Assembly

The final stage of our pipeline assembles the optimized parametric planes and
their verified topologies into a coherent, structured 3D model. This process tran-
sitions from discrete planes to a connected mesh-like representation.

Adjacency Verification. We first refine the initial 2D adjacency graph A2D

to extract a set of verified 3D adjacencies Averified. Benefiting from the joint
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optimization in Stage 2, genuine physical connections exhibit high geometric
consensus with the 2D shared boundaries Bij . This allows us to apply a strict
distance threshold to µij to effectively prune spurious adjacencies and retain
only true-positive physical intersections.

Intersection Geometry Extraction. For each verified pair in Averified,
the 3D intersection line Lij is analytically derived from the optimized parameters
of planes πi and πj . To convert these infinite lines into finite edges, we identify
shared corners among the 2D boundary segments Bij : if two segments share
a common corner, their corresponding 3D lines are deemed adjacent. The 3D
corner vertices are then computed as the intersection points of these adjacent
lines and used as endpoints to truncate Lij into bounded segments, forming the
skeletal framework of the structured model.

Multi-View Boundary Fusion and Refinement. Since a single perspec-
tive often captures only a fragmented portion of a large planar surface, we aggre-
gate the boundary segments of each plane primitive i from all visible multi-view
images into a unified global boundary. To ensure structural integrity, we use pre-
viously established 3D intersection lines and corner vertices to refine these fused
boundaries. This constrained trimming process ensures that adjacent planes con-
verge precisely at their shared geometric anchors, effectively eliminating gaps or
overlaps. By combining the refined plane boundaries, intersection lines, and cor-
ner vertices, we assemble the primitives into a connected structured model.

4 Experiments

4.1 Dataset, Metrics & Baselines

Datasets. To validate the effectiveness of our proposed framework, we conduct
extensive evaluations on ScanNet++ datasets [31], a benchmark widely recog-
nized [30] [21] [9] for its high-fidelity reconstructions and dense annotations.
Specifically, we evaluate our method on 25 randomly selected scenes. Following
the preprocessing protocols of PlaneRCNN [13], we employ their provided scripts
to derive 3D planar ground truth from the raw meshes.

Evaluation Metrics. Following the evaluation framework established by Air-
Planes [25], we evaluate our method using four categories of metrics:

– Geometry: We report Chamfer Distance (CD) and F-score (5cm threshold)
to measure the global geometric alignment with the GT dense mesh.

– Planar quality: We evaluate the reconstruction quality of Top-20 largest
planes [25] from the ground truth and use the metrics including Planar
Fidelity, Accuracy, and Chamfer.

– Segmentation: To evaluate 3D plane segmentation, we uniformly sample
200k points on the generated planes to address the disparity in represen-
tation density. These points are then used to calculate standard metrics,
including Variation of Information (VOI), Rand Index (RI), and Segmenta-
tion Covering (SC).
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Table 1: Quantitative evaluation on the ScanNet++ dataset. We compare
our proposed TopoGS against state-of-the-art two-stage pipelines (combined with Air-
Planes’ RANSAC extraction) and direct planar reconstruction methods. Top-3 results
are highlighted as first , second , and third . Our method achieves leading perfor-
mance in most planar and geometry metrics, demonstrating the effectiveness of the
proposed tri-consistency optimization.

Method Geometry Planar Segmentation
CD ↓ F-score ↑ Fidelity ↓ Acc ↓ CD ↓ VOI ↓ RI ↑ SC ↑

PlanarGS [9] + Airplanes 14.02 23.77 24.74 19.25 22.00 3.400 0.926 0.379
DA3 [12] + AirPlanes 8.49 74.40 20.35 12.85 16.60 3.041 0.919 0.431
NeuralPlane [30] 7.56 53.83 14.50 11.83 13.17 2.872 0.944 0.464
PlanarSplatting [21] 9.06 53.83 15.07 14.06 14.56 2.869 0.933 0.463
Ours 6.01 70.18 12.34 9.96 11.15 2.933 0.946 0.463
Ours (+ Assembly) 6.09 69.80 12.96 10.91 11.94 2.867 0.946 0.472

– Topology: Since our approach explicitly recovers vertices and edges, we
further assess the F-score for these entities, as well as for planes. We apply
multiple thresholds (0.05, 0.1, 0.2, 0.5) for a thorough evaluation.

Baselines. We compare our approach against diverse state-of-the-art methods:

– Two-stage Methods: These pipelines involve dense reconstruction fol-
lowed by plane extraction. We select two representative dense reconstruction
methods for comparison: (1) PlanarGS [9], a 3DGS-based approach incorpo-
rating planar priors, and (2) Depth-Anything-V3 [12], a high-performance
feed-forward depth estimation model. For these baselines, we employ the
RANSAC-based plane detection protocol provided by AirPlanes [25] to de-
rive planar models from the generated meshes.

– Direct Planar Reconstruction: We compare against end-to-end meth-
ods that reconstruct planes directly, including NeuralPlane [30] (NeRF-
based), and PlanarSplatting [21] (3DGS-based). These methods do not re-
quire RANSAC-based post-processing.

For all learning-based baselines, we utilize the officially released pre-trained
weights to ensure an equitable comparison.

4.2 Comparisons with baselines

As summarized in Table 1, our proposed TopoGS consistently outperforms both
two-stage pipelines and direct planar reconstruction methods across the major-
ity of evaluation metrics. Specifically, in terms of planar reconstruction, TopoGS
achieves a significant lead with a Fidelity of 12.34 and an Accuracy (Acc) of 9.96,
substantially surpassing the state-of-the-art direct method, NeuralPlane [30].
This performance gain underscores the efficacy of our tri-consistency optimiza-
tion in refining planar parameters.
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Reference PlanarGS DepthAnything3 NeuralPlane PlanarSplatting Ours

Fig. 3: Qualitative comparison on the ScanNet++ dataset. We evaluate
our method against state-of-the-art baselines across diverse environments, including
kitchens, bathrooms, and living areas. Compared to existing two-stage and direct re-
construction pipelines, our framework achieves higher structural fidelity and global
consistency. Our results exhibit fewer artifacts and more precise boundaries, particu-
larly in challenging regions characterized by weak textures or complex occlusions.
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While Depth-Anything-V3 [12] reports a competitive F-score (74.40), at-
tributable to its robust pre-trained depth priors and confidence-based pruning,
it fails to recover precise planar structures, as evidenced by its considerably
higher planar error metrics. We attribute this deficiency to two factors: first, the
difficulty Depth-Anything-V3 faces in textureless or reflective regions, leading to
incomplete reconstructions; second, the error propagation inherent in two-stage
pipelines where depth estimation and plane extraction are decoupled.

Figure 3 provides a visual comparison between TopoGS and the baseline
methods. As illustrated by the qualitative results, TopoGS consistently gener-
ates the most structured and visually coherent 3D models across diverse indoor
scenes, ranging from cluttered kitchens to complex bathroom fixtures.

Despite the success of planar priors in recovering textureless areas (as demon-
strated by NeuralPlane [30], PlanarSplatting [21], and PlanarGS [9]), these meth-
ods still struggle with inherent geometric inaccuracies on featureless walls and
floors. This occurs because textureless regions introduce photometric ambiguity,
settling the optimization into scale-deviant local optima that satisfy planarity
and multi-view consistency (e.g., via normalized cross correlation (NCC)) de-
spite being spatially inaccurate. In contrast, our topological constraints capital-
ize on the semantic understanding of SAM [11]. By utilizing SAM’s ability to
delineate structural boundaries (such as wall-to-wall intersections) even in tex-
tureless regions, our model identifies geometric scaling discrepancies that would
otherwise lead to misalignments between projected plane intersections and image
segmentation boundaries. Consequently, enforcing these inter-plane topological
constraints yields a marked improvement across all metrics.

Furthermore, in challenging scenarios with heavy occlusion, glass reflections,
or high sensor noise, Depth-Anything-V3 and PlanarGS often produce inconsis-
tent or noisy depth maps, leading to significant geometric holes. When integrated
with AirPlanes [25] for plane extraction, these errors accumulate. Our framework
maintains a tighter coupling with the source imagery, combined with topological
constraints, effectively resolves ambiguities in these regions and restores a more
complete visible range.

Finally, TopoGS excels at recovering sharp, unambiguous boundaries. Un-
like baselines that treat the scene as a collection of discrete primitives, TopoGS
generates models characterized by physically plausible connections and a "water-
tight" tendency between adjacent planes. This qualitative superiority reinforces
our quantitative findings, demonstrating that explicit topological modeling is
indispensable for achieving high-fidelity indoor scene reconstruction.

4.3 Ablation Studies

We conducted an ablation study to evaluate the individual contributions of the
geometry loss and topology loss within our framework. The quantitative results
are summarized in Table 2.

The exclusion of topological constraints ("w/o Topo") leads to a measurable
degradation in performance, with the Chamfer Distance (CD) increasing to 6.54
and the F-score dropping to 64.98. This validates our core insight: explicitly
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Table 2: Impact of tri-consistency constraints. This ablation study demonstrates
that while photometric consistency provides a baseline, the addition of geometry and
topology losses is crucial for improving geometry quality. Our full pipeline significantly
outperforms the ablated versions, validating the synergy between the proposed con-
straints.

Method Geometry Planar Topology (F-score)↑
CD ↓ F-score ↑ Fidelity ↓ Acc ↓ CD ↓ V E P

w/o Topo 6.54 64.98 13.98 10.96 12.47 19.62 32.05 34.22
w/o Geom 7.56 62.32 16.50 10.66 13.58 12.72 21.28 33.38
Full loss 6.01 70.18 12.34 9.96 11.15 21.52 35.18 36.55

Depth errorIntersections projection Depth map

w
/o

 T
op

o
w

/o
 G

eo
m

Fu
ll 

lo
ss

Fig. 4: Qualitative visualization of the ablation study. The "w/o Topo" variant
suffers from misaligned planar intersections and high residuals at structural boundaries.
While "w/o Geom" improves intersection alignment, it fails to recover accurate absolute
depth estimates due to the presence of several floating planes. Our full configuration
synchronizes both constraints, achieving sharp, well-aligned boundaries and the lowest
overall depth error.

integrating these topological relationships as vital geometric constraints, rather
than relegating them to optional post-processing, can effectively guide the 3DGS
optimization landscape, enforce global structural coherence (which is evidenced
by the improved topology score), and dramatically enhance robustness against
noise. The "w/o Geom" variant yields the lowest F-score (62.32) and the poorest
Planar Fidelity (16.50), underscoring the necessity of geometric regularization
for anchoring planar positions.

Figure 4 visualizes the planar depth errors and the projection errors of plane-
to-plane intersections for different variants. A key observation is that the "w/o
Geom" configuration achieves deceptively low projection errors but exhibits rel-
atively high 3D depth deviations, indicating that the model overfits to 2D im-
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(a) Plane model (b) Missing observation (d) Inconsistent geometry(c) Inaccurate segmentation

Fig. 5: Limitation. (a) Plane model generated by our method. (b) Incomplete connec-
tivity results in non-watertight gaps at unobserved corners. (c) Inaccurate boundaries
resulting from segmentation-induced errors during multi-view fusion. (d) Local incon-
sistencies generate multiple redundant intersection lines and vertices.

age views without forming a coherent 3D structure. Conversely, while the "w/o
Topo" variant maintains lower overall depth error than "w/o Geom," it exhibits
significant projection inaccuracies at planar junctions. Notably, even "w/o Topo"
depth appears plausible, our full configuration identifies and corrects its subtle
geometric discrepancies. These results demonstrate that by jointly optimizing
photometric, geometric, and topological consistency, TopoGS effectively syn-
chronizes geometric precision with topological validity, resulting in a consistent
high-fidelity scene structure.

4.4 Limitation

It is worth noting that while our optimization encourages tight connectivity,
the reconstructed models cannot be strictly watertight. Multi-view images in-
herently contain occlusions and missing observations, especially at regions which
have limited visibility. Consequently, certain intersection lines or vertices may
not be fully recovered, leading to non-watertight gaps at unobserved corners
(see Fig. 5 (b)). One potential solution to this issue is to leverage geometry and
shape priors learned from data to perform reconstruction and generation simul-
taneously. Another common failure case is due to inaccurate segmentation or
complicated local geometry, where we showed in Fig. 5 (c) and (d).

5 Conclusions

In this paper, we present TopoGS, a novel framework for reconstructing struc-
tured planar models by integrating geometric and topological constraints within
a 3D Gaussian Splatting optimization pipeline. Our method effectively addresses
the limitations of existing two-stage and direct planar reconstruction approaches
by jointly optimizing plane parameters and their topological relationships. Ex-
tensive experiments on the ScanNet++ demonstrate that TopoGS achieves state-
of-the-art performance across multiple evaluation metrics, including geometry,
planarity, segmentation, and topology. Future work will explore extending our
framework to handle more complex scenes with non-planar surfaces and recov-
ering missing regions from incomplete observations.
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