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Abstract. Accurate and layout-consistent reconstruction remains a key challenge in
indoor simultaneous localization and mapping (SLAM) due to the prevalence of pla-
nar and axis-aligned structures. Traditional visual and RGB-D SLAM methods often
suffer from incomplete geometry and weak structural reasoning, while NeRF-based
SLAM improves fidelity but is computationally expensive and unsuitable for real-time
use. 3D Gaussian splatting offers improved efficiency but lacks structural priors, of-
ten resulting in distortions in structured scenes. To address these issues, we propose
a structure-aware SLAM framework based on 2D Gaussian splatting, which provides
efficient, view-consistent mapping. We introduce a lightweight regularization scheme
under the Manhattan-world assumption to align Gaussian orientations and positions
with dominant axes, improving layout consistency and geometric fidelity. Extensive
experiments on Replica and TUM-RGBD datasets demonstrate that our method consis-
tently outperforms existing SLAM baselines in terms of geometric accuracy and edge
preservation across multiple indoor scenes.
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1 Introduction

Indoor simultaneous localization and mapping is a core technology for applications such
as autonomous navigation, augmented reality (AR), and indoor robotics. It supports
real-time 3D perception and spatial understanding, forming the foundation for tasks
like object interaction and human-environment collaboration. Classic visual SLAM sys-
tems, such as ORB-SLAM3 [3], rely on sparse keypoint-based maps and perform well in
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feature-rich outdoor scenarios. However, in indoor environments characterized by repet-
itive layouts and textureless surfaces, these methods often suffer from tracking failure,
poor reconstruction completeness, and limited structural reasoning.

Depth-based SLAM methods attempt to mitigate the limitations of sparse visual sys-
tems by directly leveraging geometric data from RGB-D sensors. Representative ap-
proaches such as KinectFusion [20] and ElasticFusion [31] support real-time dense recon-
struction through volumetric or surfed fusion and improve robustness in texture-sparse
indoor environments. However, these methods often suffer from surface blending arti-
facts caused by viewpoint inconsistency, and their underlying representations struggle to
preserve structural boundaries and geometric detail, particularly in large planar scenes.
Moreover, the lack of global structural priors makes it difficult to model spatial regularity
in structured or repetitive indoor environments.

Neural radiance fields (NeRF) have been introduced into SLAM systems to jointly op-
timize camera poses and continuous volumetric scene representations, enabling photore-
alistic and dense reconstruction from sparse inputs [16, 21]. While offering high-quality
rendering, NeRF-based SLAM methods suffer from expensive volumetric sampling and
MLP-based inference, making them computationally intensive and unsuitable for real-
time applications. In addition, their implicit scene representation prevents efficient map
updates and hinders integration with standard pose graph optimization. More funda-
mentally, these methods lack structural priors and struggle to capture the spatial regular-
ities inherent to indoor environments, such as orthogonal walls, planar boundaries, and
repetitive room layouts – leading to degraded geometric consistency and layout coher-
ence.

Recently, 3D Gaussian splatting (3DGS) has emerged as an efficient and expressive
alternative to NeRF-based scene representations for real-time SLAM. By modeling vol-
umetric geometry with view-dependent anisotropic Gaussian primitives, 3DGS signifi-
cantly reduces computational overhead while maintaining high rendering fidelity, and
has been adopted in dense SLAM systems such as SplaTAM [13] and MonoGS [18]. De-
spite their efficiency, existing 3DGS-based methods remain limited in structured indoor
environments. Unconstrained primitive placement often leads to geometric distortion,
especially in scenes with dominant planar and orthogonal layouts. Moreover, the ab-
sence of structure-aware regularization and high-level spatial priors results in multi-view
inconsistencies and degraded layout fidelity.

2D Gaussian splatting (2DGS) [10] replaces volumetric Gaussian spheres with 2D
Gaussian disks, yielding improved rendering efficiency and view-consistent modeling.
Its compact, differentiable formulation makes it particularly effective for representing
thin and planar structures in indoor environments, while supporting real-time optimiza-
tion – an essential property for SLAM. These characteristics make 2DGS a promising
scene representation for efficient indoor mapping. Despite its advantages, combining
2DGS with Manhattan-world priors for SLAM remains unexplored. This integration
presents several challenges. First, 2DGS lacks explicit structural primitives, making it
difficult to directly impose axis-aligned constraints. Second, its flexibility in modeling
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fine-grained geometry can conflict with rigid structural priors, potentially causing insta-
bility or oversmoothing. Third, ensuring layout consistency across frames in incremental
SLAM requires real-time estimation and propagation of dominant directions under un-
certainty.

To address these challenges, specifically the lack of structural embedding in 2DGS,
the conflict between geometric flexibility and layout regularity, and the difficulty of en-
forcing global alignment during real-time updates, we propose a structure-aware SLAM
framework that jointly leverages 2D Gaussian splatting and Manhattan-world regular-
ization. Our main contributions are as follows:

• We propose the first SLAM framework that adopts two-dimensional Gaussian
splatting as the core map representation. Compared to volumetric models, 2DGS
improves rendering efficiency and aligns better with image-plane observations, en-
abling lightweight optimization and real-time performance while maintaining re-
construction quality.

• We incorporate structural regularization based on the Manhattan-world assump-
tion into the 2DGS formulation. By designing a loss that encourages Gaussian ori-
entations and placements to follow axis-aligned directions, the method effectively
introduces layout priors to enhance structural consistency and geometric fidelity in
indoor environments.

• Extensive experiments are conducted on public datasets including Replica and
TUM-RGBD. The proposed method demonstrates superior performance in both
geometric accuracy and edge detail preservation compared to existing SLAM base-
lines, validating the effectiveness of integrating 2D Gaussian splatting with Man-
hattan-world structural priors.

2 Related work

In this section, we briefly review traditional RGB-D SLAM methods commonly used
for indoor 3D reconstruction, and introduce recent developments based on neural radi-
ance fields, Gaussian splatting (GS), and learning-based SLAM approaches. These meth-
ods each demonstrate strengths in geometry modeling, pose estimation, and rendering
quality.

2.1 Classic RGBD SLAM

Classic RGB-D SLAM methods leverage depth cameras to simultaneously capture color
and depth data, which greatly simplifies 3D reconstruction and scale estimation. Early
systems like KinectFusion enabled real-time dense mapping but were limited to small-
scale, static environments. ElasticFusion improved adaptability through global consis-
tency optimization and non-rigid model alignment. BundleFusion [6] further advanced
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the field by enabling large-scale, real-time dense reconstruction with global pose opti-
mization across entire scenes. Systems like RGB-D SLAM and ORB-SLAM3 [3] combined
sparse feature tracking with graph-based optimization, striking a solid balance between
accuracy and efficiency. These methods perform well in structured indoor settings and
laid the groundwork for integrating deep learning and multimodal information in more
recent research.

2.2 Learning-based SLAM

Learning-based SLAM systems have achieved remarkable progress by integrating deep
neural networks into geometry representation, camera tracking, and scene reconstruc-
tion. Unlike classical approaches that rely on handcrafted features and geometric heuris-
tics, these methods leverage learned priors to improve robustness and generalization.
Code-SLAM [2] pioneered the idea of encoding dense geometry into a compact latent
space, enabling joint optimization with camera poses. DROID-SLAM [29] further in-
troduced a differentiable pose graph to refine dense frame correspondences using deep
features, setting a new benchmark in learned SLAM. SLAM3R [17] built on this direction
by integrating transformer-based sparse matching and differentiable bundle adjustment
in an end-to-end pipeline, emphasizing scalability and efficiency. VGGT [30] leveraged
voxel-based representations and vision transformers for robust joint tracking and map-
ping in large-scale environments. Most recently, FLARE [37] proposed a feed-forward
framework that jointly estimates geometry, appearance, and camera poses from sparse,
uncalibrated inputs, without iterative refinement. Despite their strong performance,
these methods often require extensive training on large-scale datasets and may suffer
from generalization issues when transferred to real-world environments. Moreover, their
reliance on learned features and black-box models can limit interpretability and hinder
explicit modeling of structural geometry.

2.3 NeRF-based SLAM

Classical NeRF-based SLAM systems rely exclusively on MLP, they encode the environ-
ment within the weights of the neural network. Predicting pixel values is done by decod-
ing the MLP and integrating the sampled rays into the volume through body mapping.
As the first NeRF-based SLAM system, iMAP [27] ensures near-frame-rate camera track-
ing by jointly optimizing photometric and geometric losses. Limited by MLP capacity,
subsequent work combines implicit MLP with structural features to address catastrophic
forgetting. For example, NICE-SLAM [39] employs a hierarchical strategy that integrates
multiple levels of local data.Vox-Fusion uses octree to manage voxels. ESLAM [12],
Co-SLAM [34], GO-SLAM [38], and Point-SLAM [22] introduce innovative approaches
such as multiscale feature planes, combinatorial smoothing, detail encoding, real-time
global optimization, and dynamic neural point cloud representation, and other innova-
tive methods to enhance scene reconstruction. OrbeezSLAM [4], NeRF-SLAM [21], and
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NeRF-VO [19] improve the tracking frequency and bit position estimation accuracy of
NeRF-based SLAM ranging methods.

2.4 3DGS-based SLAM

Methods based on three-dimensional Gaussian splatting face challenges in indoor envi-
ronments due to the abundance of planar structures and the need for detailed surface
representation. To address these issues, several improvements have been proposed to
enhance system performance. SplaTAM [13] uses a simplified 3D Gaussian model for
accurate camera pose estimation and scene refinement. GS-SLAM [13] uses 3D Gaussian,
opacity and spherical harmonics (SH) for scene modeling and introduces an adaptive
Gaussian management mechanism with a robust camera tracking strategy. GS-SLAM
uses 3D Gaussian, opacity, and spherical harmonics for scene modeling, and introduces
an adaptive Gaussian management mechanism with a robust camera tracking strategy.
MonoGS is the first monocular camera-based system to implement 3DGS-SLAM. GS-
ICP [9] combines the algorithms of G-ICP [24] to achieve camera tracking using 3DGS ex-
plicit features. Photo-SLAM [11] is based on the ORB algorithm to achieve accurate cam-
era position estimation and scene refinement. Photo-SLAM constructs a hybrid Gaussian
map model based on the highly accurate camera poses provided by ORB-SLAM3 [3].

In addition, some approaches fuse LiDAR sensors with 3DGS to enhance system
robustness.Gaussian-LIC [15] constructs a tightly coupled LiDAR-inertial-camera SLAM
system to achieve real-time performance. MM-Gaussian [32] proposes a relocation mod-
ule capable of trajectory repair after system tracking failure. While MM3DGS-SLAM [28]
optimizes the camera attitude estimation in a visual inertia framework to further improve
the system stability and accuracy.

3 Method

Our goal is to improve scene localization accuracy and edge reconstruction quality for
indoor environments. To achieve this, we design a structured reconstruction pipeline
whose overall architecture is illustrated in Fig. 1. Our method integrates two key com-
ponents. First, we incorporate the 2D Gaussian splatting representation [10] to enhance
geometric fidelity and surface sharpness, especially along object boundaries and edges
(Section 3.2.2). Second, we introduce a Manhattan [5] constraint to guide the structural
alignment of the reconstructed scene by enforcing dominant orthogonal directions, im-
proving localization robustness and structural consistency (Section 3.3).

3.1 Preliminary

To effectively represent thin structures and improve surface reconstruction accuracy in
complex scenes, our method adopts 2D Gaussian splatting [10] as the core scene repre-
sentation. In contrast to conventional volumetric 3D Gaussians, 2DGS models each point
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Figure 1: Our SLAM system uses a 2D Gaussian as the unique representation to unify all components of SLAM,
including tracking, mapping, and keyframe management.

as a Gaussian distribution defined on a local 2D tangent plane embedded in 3D space.
This formulation enables closed-form ray-plane intersections and rigid, view-consistent
transformations under camera motion, thereby mitigating the view-dependent artifacts
and covariance distortions observed in 3DGS. The improved geometric consistency and
analytic tractability make 2DGS particularly suitable for SLAM systems, where accurate
multi-view fusion, stable optimization, and surface-level regularization are essential for
robust performance.

In 2DGS, each Gaussian element is parameterized by its center point Pk, two orthogo-
nal tangent vectors Tu and Tv, and scale parameters (Su,Sv). The plane normal vector Tw

is given by the cross product Tw =Tu×Tv, forming the rotation matrix R= [Tu,Tv,Tw].
Combined with the scale matrix S (with the third scale set to zero), the local affine trans-
formation matrix H is defined as

H=

[
RS Pk

0 1

]
. (3.1)

Any point (u,v) in the local 2D Gaussian coordinate system maps to the 3D space as

P(u,v)=H(u,v,0,1)⊤, (3.2)

and its corresponding 2D Gaussian density is expressed as

G(u,v)=exp

(
−

u2+v2

2

)
. (3.3)

Each Gaussian also encodes an opacity α and a viewpoint-dependent color c mod-
eled via spherical harmonics. To avoid numerical instability during ray-to-Gaussian co-
ordinate transformation, pixel ray planes hx,hy are transformed into the local coordinate
system, with analytic solutions for (u,v) coordinates

u(x)=
h2uh4v−h4uh2v

h1uh2v−h2uh1v
, v(x)=

h4uh1v−h1uh4v

h1uh2v−h2uh1v
. (3.4)
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The Gaussian density and depth information at pixel x are then computed accord-
ingly. To improve evolution stability, especially when approximating Gaussian surfaces
as line segments, a screen-space low-pass filtering is applied

Ĝ(x)=max
(
G
(
u(x),v(x)

)
, G(x−cσ)

)
. (3.5)

Finally, all Gaussian elements are composited for transparency using volume render-
ing

c(x)=∑
i

ciαiĜi

(
u(x)

) i−1

∏
j=1

(
1−αjĜj

(
u(x)

))
. (3.6)

Beyond this geometric representation, 2DGS introduces two geometric regularization
terms to improve reconstruction quality [1, 7, 36]:

• Depth distortion loss encourages depth compactness by minimizing pairwise depth
distances between Gaussian intersections along each ray

Ld=∑
i,j

ωiωj|zi−zj|, (3.7)

where ωi is the volumetric blending weight and zi is the depth of the i-th intersec-
tion.

• Normal consistency loss enforces alignment of each Gaussian’s normal ni with the
surface normal N estimated from the depth map gradient

Ln=∑
i

ωi

(
1−n⊤

i N
)
, (3.8)

where N is computed by finite differences at the median ray point (α=0.5).

The total loss function combines photometric and geometric terms

L= Lc+αLd+βLn, (3.9)

where α and β are hyperparameters selected based on scene characteristics [14].

3.2 SLAM

Our SLAM system consists of two core components: tracking and mapping. Tracking
focuses on estimating the camera pose for incoming RGB-D frames, while mapping opti-
mizes the scene representation based on accumulated observations. Together, they enable
real-time, robust localization and dense reconstruction.

3.2.1 Tracking

During tracking, only the current camera pose TCW is optimized, while the 2D Gaussian
map representation G remains fixed. Given an RGB-D frame, the photometric residual is
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defined as
Epho= I(G,TCW)− Ī, (3.10)

where I(G,TCW) is the RGB image rendered from the 2D Gaussian splatting representa-
tion under pose TCW , and Ī is the observed RGB image. The geometric residual includes
both depth and normal terms. The depth residual is

Edepth=D(G,TCW)−D̄, (3.11)

where D(G,TCW) denotes the depth map rasterized from the Gaussian representation,
and D̄ is the observed depth. Additionally, to enforce surface consistency, we include the
normal residual

Enormal=N(G,TCW)−N̄, (3.12)

where N(G,TCW) and N̄ are the rendered and observed surface normals, respectively.
The combined residual minimized during pose optimization is

E=λphoEpho+λdepthEdepth+λnormalEnormal, (3.13)

where λpho,λdepth,λnormal are weighting hyperparameters. Depth values are rasterized
per pixel via alpha blending along the camera ray

Dp= ∑
i∈N

ziαi

i−1

∏
j=1

(1−αj), (3.14)

where zi is the depth of the i-th Gaussian along the ray, and αi is its opacity. Analytical
Jacobians for the camera pose parameters are derived to enable efficient gradient-based
optimization of the residual E.

3.2.2 Gaussian-based map representation and update

Map representation via 2D Gaussian splatting. We adopt the 2D Gaussian splatting
technique to represent and render radiance fields within a scene. Unlike conventional
point-based or volumetric rendering approaches, 2DGS models each scene point as a 2D
Gaussian splat, capturing its spatial location and appearance attributes. Each Gaussian
is defined by a center (x,y), standard deviations (σx,σy), and a weight wi representing
its radiance or color intensity. By projecting and accumulating these Gaussians on the
image plane, the geometry and photometric characteristics of the scene can be effectively
reconstructed. During rendering, the contribution of each Gaussian is aggregated to form
the final image I(v) from a given viewpoint v, using the following formulation:

I(v)=∑
i

wi ·G(xi,yi,σxi
,σyi

). (3.15)

Here, G(xi,yi,σxi
,σyi

) denotes the i-th 2D Gaussian function, and wi is its associated
weight.
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Mapping update. It is performed independently from tracking and focuses on optimiz-
ing the geometric and color representations of the scene. In each frame, we uniformly
sample M pixels and compare the rendered outputs against the sensor observations to
jointly optimize the geometric features f g, color features f c, and the parameters ξ and θ

of the color decoder g and interpolation decoder F, respectively. The loss function com-
bines multiple components to enforce consistency in color, depth, and surface normals.
Additionally, we introduce a Manhattan constraint to encode geometric priors and fur-
ther improve the accuracy and robustness of optimization. The total loss is defined as

Lloss=λcLc+λdLd+λnLn+λmhaLmha. (3.16)

Here, Lc denotes the L1 color loss, which penalizes differences between rendered and
observed RGB images. Ld is the L1 depth loss that aligns rendered depth values with
sensor depth. Ln represents the L1 normal loss, encouraging consistent surface orienta-
tions. Lmha is the Manhattan constraint loss that enforces alignment of the reconstructed
geometry with dominant scene axes. The hyperparameters λc, λd, λn, and λmha balance
the contribution of each component in the total loss. Typically, we assign the color loss
half the weight of the depth loss to balance photometric and geometric cues. As a struc-
tural regularization term, the Manhattan constraint significantly enhances the accuracy of
geometric reconstruction. A detailed explanation of the formulation and implementation
of the Manhattan constraint is provided in Section 3.3.

3.3 Map optimization based on Manhattan constraints

Existing methods [8,35] tend to optimize scene representations individually, without con-
sidering the inherent structural relationships across the entire environment. This can lead
to reconstructions that are locally accurate but globally inconsistent, especially in indoor
scenes with common regular architectural patterns. To overcome this limitation, we in-
troduce a Manhattan constraint. By leveraging the orthogonality prior present in most
indoor layouts, this constraint helps to regularize camera poses and guide the geometric
alignment of reconstructed elements.

The overall procedure is illustrated in Fig. 2. Planar regions are first identified using
a clustering-based method. For each planar region, we then estimate its normal vector
and center point to determine whether a dominant axis can be reliably established. If
a dominant axis cannot be identified, the process skips axis-based alignment and directly
adjusts the nearby Gaussian elements to lie on their respective original planes. If a dom-
inant axis is available, planes that are approximately parallel to it are realigned to be
strictly parallel, enforcing global structural regularity. In contrast, planes that deviate
significantly from the dominant direction are left unchanged to preserve local geometric
details. Finally, all 2D Gaussian elements associated with planar regions are adjusted (ro-
tated or projected) onto their respective aligned planes, ensuring geometric consistency
and enabling better structural coherence across the reconstructed scene.
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Figure 2: Manhattan constraint estimation pipeline (triggered on new keyframe insertion).

Plane recognition. In this work, we adopt a RANSAC-based plane segmentation me-
thod for dense point cloud data, following the efficient shape detection framework pro-
posed by Schnabel et al. [23]. In each iteration, a minimal set of points is randomly sam-
pled to fit a plane model, and inliers are identified based on their orthogonal distances to
the estimated plane. The process is repeated until the number of remaining unexplained
points falls below a predefined threshold.The resulting set of extracted planes is denoted
as {Πi}

N
i=1, where each plane Πi is associated with a unit normal vector ni∈R

3.

Establishing dominant axes. We collect all normals into the following set:

N ={n1,n2,. . .,nN}, ‖ni‖=1. (3.17)

Next, we apply mean shift clustering on the unit sphere S2 to group the surface normals
into dominant orientation modes. The goal is to find K=3 dominant directions {v1,v2,v3}
that minimize the following objective:

min
{vk}

N

∑
i=1

min
k∈{1,2,3}

(
1−
∣∣n⊤

i vk

∣∣). (3.18)

This objective is defined on the unit sphere, where the absolute value handles directional
ambiguity of surface normals. After clustering, we obtain a set of approximate dominant
directions

V=[v1,v2,v3]∈R
3×3. (3.19)

These vectors are typically close to orthogonal, but not strictly so. To enforce orthogonal-
ity (as required by the Manhattan world assumption), we apply singular value decom-
position (SVD) to the matrix V

V=UΣW⊤ ⇒ R=UW⊤, R∈SO(3). (3.20)
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Here, R is a rotation matrix whose columns form an orthonormal basis representing the
estimated Manhattan frame. For each input normal ni, we compute its smallest angular
deviation from the estimated dominant directions (the columns of R)

θi = min
j∈{1,2,3}

arccos
(∣∣n⊤

i rj

∣∣). (3.21)

If θi < θthresh, then ni is considered aligned with one of the dominant directions. Finally,
the number of aligned normals is counted to produce a support score S

S=
N

∑
i=1

1(θi < θthresh). (3.22)

If this score is low, it indicates that the scene is unlikely to follow a Manhattan structure.
If the score is high, the estimated dominant axes can be considered valid and used as
geometric priors in subsequent modeling or structural reasoning stages.

Plane adjustment toward dominant axes. To enhance structural consistency under the
Manhattan-world assumption, we selectively adjust detected local planes whose normals
are already close to one of the dominant scene directions. Let {r1,r2,r3} denote the three
orthogonal dominant axes. For a local plane with normal np, we identify the nearest
dominant axis

j∗=arg min
j∈{1,2,3}

arccos(|np ·rj|). (3.23)

If the angle is below a predefined threshold ǫ, we update the plane normal to align with
the dominant axis

n′
p= rj∗ . (3.24)

This adjustment preserves the plane’s center cp, while enforcing axis alignment only for
those planes already approximately Manhattan-aligned. Other planes with large angular
deviations (e.g. slanted or free-form surfaces) remain unchanged to maintain geometric
diversity.

Gaussian primitive projection and association. After adjusting selected planes, we as-
sociate nearby 2D Gaussian primitives based on spatial proximity. Each primitive is de-
fined by its center c and normal ng. For each plane, we determine whether a primitive
lies close enough using a distance threshold δ

∣∣n′
p ·(cp−c)

∣∣<δ. (3.25)

For associated primitives, we compute the displacement vector

d=(cp−c)·n′
p. (3.26)
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And update their parameters accordingly

c′= c+d·n′
p, n′

g=n′
p. (3.27)

If a Gaussian lies near multiple planes, we compute its angle to each candidate plane
normal

θi =arccos

( ∣∣ng ·n
(i)
p

∣∣
∥∥ng‖

∥∥n
(i)
p ‖

)
. (3.28)

Among those satisfying the distance threshold, the Gaussian is associated with the plane
yielding the smallest angle. Unassociated Gaussians – those too far from any plane –
remain unchanged.This selective association mechanism ensures that only structured re-
gions (i.e. those lying near detected planes) are adjusted, while primitives in unstruc-
tured or non-Manhattan regions are left untouched. Therefore, our method preserves
generalization and does not degrade performance in complex or outdoor environments.

Manhattan world geometric constraint. To further enhance structural regularity, we
apply the Manhattan world assumption by constraining the Gaussian primitives within
each plane to follow orthogonal directional priors. Specifically, we compute the projected
component δi of each Gaussian primitive along the sub-dominant axis within the local
plane, and define the constraint loss as

Lmha=∑
i

max(0,δi−ǫ)2, (3.29)

where ǫ sets the threshold that controls the allowable extension in the secondary direc-
tion. This loss penalizes deviations from the dominant orientation and encourages the
point distributions to organize along axis-aligned directions.

Furthermore, when classifying primitives near plane intersections, we incorporate an-
gular similarity under the Manhattan prior to assign each Gaussian primitive to the plane
that best matches its geometric orientation. This approach reduces structural distortion
and strengthens geometric coherence across the entire point cloud representation.

4 Experiments

4.1 Experimental setup

Datasets. We evaluated our method on two representative datasets – Replica [25] and
TUM-RGBD [26] – to comprehensively validate its effectiveness in localization accuracy
and geometric sharp edges. The Replica dataset consists of synthetic indoor scenes with
clean and complete depth maps and minimal inter-frame motion, which is favorable for
depth-based camera tracking. In contrast, TUM-RGBD is a real-world dataset with depth
maps that suffer from severe sensor noise, motion blur, and missing regions. These chal-
lenges make it significantly more difficult to preserve sharp object boundaries and main-
tain geometric consistency, particularly in cluttered indoor environments.
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Evaluation metrics. We evaluate our method in terms of both tracking accuracy and
reconstruction quality. For tracking, we report the root mean square error (RMSE) of ab-
solute trajectory error (ATE). For reconstruction, we adopt standard photometric metrics
including PSNR, SSIM, and LPIPS to assess image fidelity and perceptual similarity.

Baselines. We conducted comparative experiments between our method and represen-
tative RGB-D-based SLAM systems, covering MonoGS [18], Point SLAM [22], NICE-
SLAM [39], and SplaTAM [13]. To ensure fairness in comparison, we evaluated this
method under the same parameter settings and input conditions as each baseline method.

4.2 Quantitative and qualitative comparisons

Camera pose estimation comparisons. We evaluate the trajectory accuracy of the pro-
posed system on the Replica and TUM RGB-D datasets. As shown in Table 1, part (a),
our method exhibits slightly reduced accuracy in certain scenes of the Replica dataset.
This is mainly due to short segments of rapid camera motion, which introduce motion
blur and impair the reliability of plane detection. Consequently, the effectiveness of the
Manhattan constraint model is diminished, resulting in accumulated pose errors in these
regions. Supporting visualizations in Fig. 3 highlight this effect: before the fast motion
segment, the trajectory remains accurate with strong planar consistency, while after the
motion, tracking errors increase significantly (from 0.0027m to 0.0047m) due to degraded
structural cues.

In contrast, as shown in Table 1, part (b), the TUM RGB-D dataset provides more
favorable conditions for our method. The camera trajectories are relatively smooth, and
the scenes contain abundant indoor structures that align well with the Manhattan-world

Figure 3: ATE Evaluation on the Office4 dataset (ATE RMSE ↓ [m]): (a) Trajectory evaluated up to frame 763;
(b) Same trajectory extended and evaluated up to frame 864.
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Table 1: Online camera pose estimation results (ATE RMSE ↓ [cm]): (a) On the Replica dataset; (b) On the
TUM RGB-D dataset. Best results are highlighted as first, second, and third.

Method R0 R1 R2 Of0 Of1 Of2 Of3 Of4 Avg.

MonoGS 0.47 0.43 0.31 0.70 0.57 0.31 0.31 3.2 0.79

SplaTAM 0.31 0.40 0.29 0.47 0.27 0.29 0.32 0.55 0.36

Point-SLAM 0.61 0.41 0.37 0.38 0.48 0.54 0.69 0.72 0.52

NICE-SLAM 0.97 1.31 1.07 0.88 1.00 1.06 1.10 1.13 1.07

Ours 0.38 0.39 0.33 0.41 0.59 0.25 0.16 2.01 0.56

(a)

Method fr1/desk fr2/xyz fr3/office Avg.

MonoGS 1.59 1.54 1.79 1.64

SplaTAM 3.35 1.24 5.16 3.25

Point-SLAM 4.34 1.31 3.48 3.04

NICE-SLAM 2.7 1.8 3.0 2.5

Ours 1.53 1.51 1.61 1.55

(b)

assumption. These characteristics improve the robustness of plane detection and allow
the structural regularization term to effectively take effect. Consequently, our method
achieves higher trajectory accuracy on this dataset, demonstrating excellent performance
and reliability in real-world indoor environments.

Quantitative rendering comparison. Compared with typical SLAM systems, our me-
thod demonstrates consistently superior reconstruction quality across various indoor
scenes in both the Replica and TUM-RGBD datasets. As shown in Tables 3 and 2, al-
though our method exhibits slightly lower trajectory estimation accuracy on the Replica
dataset, it still delivers outstanding rendering quality. This is primarily attributed to the
precise geometric consistency provided by two-dimensional Gaussian splatting, which
can partially compensate for the impact of trajectory errors and thus enable high-quality
view synthesis.

Qualitative rendering comparison. We qualitatively evaluate reconstruction fidelity on
two representative RGB-D datasets. As shown in Fig. 4, our method better preserves
fine geometric structures such as wall corners, window frames, and desk edges on the
Replica dataset. Compared to MonoGS and SplaTAM, the reconstructed boundaries ap-
pear sharper and more consistent, while the baselines suffer from oversmoothing or geo-
metric distortion. To further assess performance in cluttered real-world scenarios, Fig. 5
presents close-range reconstruction results on the TUM-RGBD dataset. Our method
demonstrates notably improved geometric consistency and texture completeness, par-
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Table 2: Quantitative reconstruction comparison on the TUM RGB-D dataset.

Method Metric fr1/desk fr2/xyz fr3/office Avg.

MonoGS

PSNR↑ 21.88 24.16 20.48 22.17

SSIM↑ 0.87 0.88 0.83 0.86

LPIPS↓ 0.28 0.22 0.30 0.27

SplaTAM

PSNR↑ 21.16 23.11 19.92 21.40

SSIM↑ 0.87 0.90 0.82 0.87

LPIPS↓ 0.25 0.21 0.30 0.25

Point-SLAM

PSNR↑ 17.08 19.02 16.99 17.70

SSIM↑ 0.79 0.83 0.77 0.80

LPIPS↓ 0.36 0.29 0.44 0.36

NICE-SLAM

PSNR↑ 19.11 22.54 20.63 20.76

SSIM↑ 0.80 0.87 0.85 0.84

LPIPS↓ 0.31 0.23 0.29 0.28

Ours

PSNR↑ 23.65 25.14 22.31 23.70

SSIM↑ 0.91 0.92 0.87 0.90

LPIPS↓ 0.18 0.15 0.19 0.17

Table 3: Quantitative reconstruction comparison on the Replica dataset.

Method Metric R0 R1 R2 Of0 Of1 Of2 Of3 Of4 Avg.

MonoGS

PSNR↑ 34.83 36.43 37.49 39.95 42.09 36.24 36.70 37.06 37.60

SSIM↑ 0.95 0.95 0.96 0.97 0.97 0.96 0.96 0.95 0.96

LPIPS↓ 0.068 0.076 0.075 0.072 0.055 0.078 0.065 0.099 0.074

SplaTAM

PSNR↑ 32.86 33.89 35.25 38.26 39.17 31.97 29.70 31.81 34.12

SSIM↑ 0.98 0.97 0.98 0.98 0.98 0.97 0.95 0.95 0.97

LPIPS↓ 0.045 0.050 0.052 0.049 0.043 0.055 0.060 0.058 0.051

Point-SLAM

PSNR↑ 31.92 32.65 34.82 37.71 37.89 29.55 26.32 28.94 32.73

SSIM↑ 0.97 0.96 0.97 0.97 0.97 0.96 0.94 0.94 0.96

LPIPS↓ 0.056 0.065 0.068 0.057 0.049 0.072 0.076 0.080 0.066

NICE-SLAM

PSNR↑ 33.61 35.40 36.84 39.12 40.98 35.23 34.21 35.46 36.36

SSIM↑ 0.97 0.97 0.98 0.98 0.98 0.97 0.96 0.96 0.97

LPIPS↓ 0.049 0.051 0.053 0.050 0.046 0.059 0.058 0.062 0.054

Ours

PSNR↑ 36.72 37.91 38.58 41.12 43.27 39.08 38.15 39.84 39.59

SSIM↑ 0.98 0.98 0.97 0.98 0.98 0.98 0.97 0.98 0.98

LPIPS↓ 0.032 0.034 0.035 0.030 0.028 0.033 0.036 0.034 0.033

ticularly around high-frequency regions such as keyboards, screen edges, and cabinet
surfaces. For instance, while SplaTAM shows texture smearing and misalignment on
planar areas, our approach accurately preserves structure and fine details, highlighting
the effectiveness of Manhattan-constrained 2DGS in complex indoor environments.
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Figure 4: Qualitative reconstruction comparisons on the Replica dataset. Each scene shows a top-down view
(left) and a close-up of key structural regions (right), highlighting the improvements in geometric detail and
layout consistency achieved by our method compared to MonoGS and SplaTAM.

Figure 5: Qualitative reconstruction comparison on the TUM RGB-D dataset. Our method shows better edge
sharpness and texture detail in near-field regions vompared to SplaTAM.

Novel view comparisons. To more effectively evaluate the model’s generalization abil-
ity to unseen content, we split the TUM RGB-D dataset into two subsets: one is used
exclusively for testing novel views and is excluded from training, while the other is used
for standard model training. Tables 4 present the quantitative results on the training
and novel views. Since these novel views are not part of the training data, the overall
view distribution becomes sparser, leading to a drop in training-view PSNR compared
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Table 4: Quantitative comparison across different indoor scenes: (a) Training tiews; (b) Novel views.

Methods Metrics fr1/desk fr1/desk2 fr1/room Avg.

SplaTAM

PSNR ↑ 20.74 14.59 8.32 14.55

SSIM ↑ 0.73 0.60 0.31 0.55

LPIPS ↓ 0.26 0.41 0.58 0.42

MonoGS

PSNR ↑ 18.88 17.30 16.58 17.59

SSIM ↑ 0.71 0.64 0.58 0.64

LPIPS ↓ 0.30 0.39 0.47 0.39

Ours

PSNR ↑ 22.59 20.91 19.17 21.00

SSIM ↑ 0.78 0.71 0.66 0.72

LPIPS ↓ 0.24 0.33 0.38 0.32

(a)

Methods Metrics fr1/desk fr1/desk2 fr1/room Avg.

SplaTAM

PSNR ↑ 13.20 8.57 6.46 9.41

SSIM ↑ 0.46 0.27 0.25 0.33

LPIPS ↓ 0.44 0.57 0.63 0.55

MonoGS

PSNR ↑ 12.36 10.23 10.97 11.19

SSIM ↑ 0.45 0.39 0.39 0.41

LPIPS ↓ 0.48 0.60 0.65 0.58

Ours

PSNR ↑ 18.70 10.79 11.61 13.70

SSIM ↑ 0.76 0.41 0.42 0.53

LPIPS ↓ 0.29 0.58 0.60 0.49

(b)

to previous experiments – an expected result under this protocol. Nevertheless, under
this more challenging setting, our method consistently outperforms existing baselines,
achieving higher PSNR and SSIM and lower LPIPS for novel view synthesis, demon-
strating strong generalization and visual consistency even with sparse training input.

In addition to quantitative evaluation, we conducted qualitative analysis on the
RGB-D TUM dataset. As shown in Fig. 6, our method demonstrates visually superior
results across multiple scenes, for both training and novel views.For each sequence, we
selected nearby training and novel viewpoints for comparison. The visual results show
that SplaTAM and MonoGS suffer from noticeable degradation in novel views, such as
structural distortions and color inconsistencies. In contrast, our method maintains stable
and high-quality rendering in both view types, further confirming its strong generaliza-
tion ability and robustness.

4.3 Manhattan constraint ablation study

Table 5 presents the quantitative impact of different Manhattan constraint coefficients on
reconstruction accuracy. To comprehensively evaluate the effect of this regularization
term, we conducted an ablation study on a complex indoor scene with rich geometric
structures. As shown in Table 5 , setting λmha =0 disables the constraint entirely, allow-
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Table 5: Ablation study on the effect of the Manhattan regularization weight λmha on reconstruction quality.

Control groups Metrics

# Manhattan constraint λmha (Weight) PSNR↑ SSIM↑ LPIPS↓

(1) w/o λmha=0 35.17 0.95 0.093

(2) w/ λmha=2 37.37 0.97 0.40

(3) w/ λmha=4 34.35 0.94 0.082

Figure 6: We show rendering results on the TUM RGB-D dataset for both novel and training views to qualita-
tively evaluate our method.

ing the system to operate as a pure 2DGS-based SLAM pipeline. Conversely, an exces-
sively strong constraint (λmha = 4) leads to degraded performance, likely due to over-
regularization. In contrast, a moderate setting (λmha = 2) yields the best performance
metrics.

Along with the quantitative analysis, Fig. 7 illustrates the corresponding qualitative
rendering results. Without the constraint, reconstructed surfaces exhibit slight warp-
ing, especially at vertical junctions between desk panels where the structure is less clear.
A strong constraint strictly enforces vertical alignment but causes over-smoothing on crit-
ical boundary details such as the striped board and panel edges. The moderate weight
(λmha = 2) not only preserves sharp vertical edges but also maintains the natural varia-
tion of object shapes, achieving the best balance between structural regularity and detail
preservation.
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Figure 7: Rendering results under different Manhattan constraint settings: (a) No constraint, (b) λmha=4, and
(c) λmha=2. Too weak or too strong constraints lead to suboptimal results, while a moderate weight (λmha=2)
achieves the best balance between structural regularity and detail preservation.

4.4 Runtime comparison

We compare the runtime performance of our method against prior approaches on the
Replica dataset (scene R0), using an NVIDIA RTX 3090 GPU. Unlike existing methods
such as NICE-SLAM and Point-SLAM, which rely on sampling a small subset of pixels
(200 for tracking and 1000 for mapping), our approach renders the entire. 1200×980 im-
age (approximately 1.2 million pixels) per iteration to compute losses for both tracking
and mapping. Despite this significantly higher pixel count – three orders of magnitude
more – our method achieves comparable or superior efficiency, owing to the highly opti-
mized rasterization of our 2D Gaussian representation. Concretely, our method requires
only 6.52ms and 3.72ms per iteration for tracking and mapping, respectively. This results
in a per-frame runtime of 0.65s for tracking and 0.55s for mapping, leading to a real-time
performance of 0.91 FPS. In contrast, Point-SLAM and NICE-SLAM run at only 0.20 FPS
and 0.12 FPS, respectively, while even MonoGS – despite processing far fewer pixels –
achieves only 0.81 FPS. These results highlight the efficiency of our approach.

5 Conclusion

In this work, we presented a novel SLAM system based on 2D Gaussian splatting, specif-
ically tailored for high-precision reconstruction in complex indoor environments. By
leveraging the inherent stability of 2DGS in image-plane modeling and integrating struc-
tural constraints under the Manhattan world assumption, our approach effectively en-
hances both localization accuracy and geometric fidelity, particularly around planar sur-
faces and edges. Extensive experiments demonstrate that our method outperforms exist-
ing solutions in terms of geometric consistency and visual sharpness, establishing a new
benchmark for indoor SLAM.

Limitations. While the system shows strong performance in structured environments,
it also exhibits certain limitations in highly unstructured or non-Manhattan scenes. In
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such cases, the predefined structural priors may no longer hold, leading to reduced pose
accuracy or oversimplified geometry. Additionally, as our framework currently lacks
dynamic scene modeling and fine-grained failure detection, unexpected sensor noise or
ambiguous textures may affect stability. Future work will focus on addressing these lim-
itations by incorporating adaptive structural reasoning, semantic priors, and robust real-
time optimization strategies, with the aim of improving scalability, generalization, and
fault tolerance across a wider range of real-world scenarios.
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